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ABSTRACT 
 
Future climate extremes are projected to increase with global climate change. However, 
the effects of climate extremes on hydrological and ecosystem cycling remain unclear 
and there is uncertainty in the detection of climate extremes. The first study uses existing 
extreme climate indices to study the interactions between hydrological cycling and 
extreme precipitation. Most current studies focus on the effects of long-term climate 
variability on groundwater recharge but ignore the effects of extremes. Through use of a 
soil water balance model, my results show that extreme precipitation plays a significant 
role in determining recharge rates in the Northern Great Plains. The second study focuses 
on the impacts of drought, increased precipitation, and warming on ecosystem level 
nutrient allocation within grasslands in the Southern Great Plains. Our results show that 
these factors have significant influences on how much carbon and nitrogen are allocated 
to roots vs. shoots. This study also shows that an updated two-layer-soil model with an 
“S” curve approach to improve root water access can produce reasonable discharge rates 
and ecosystem productivity. The final study introduces two functional data analytic 
approaches, functional principle component analysis (FPCA) and functional boxplot, and 
applies them to imputing missing meteorological data and to detect extreme temperature 
events. Most existing imputation methods are based on linear regression models, which 
are highly limited by data quality from surrounding weather stations. The FPCA solves 
this problem by utilizing the most available data from additional weather stations in the 
same climate zone. Our results demonstrate that the number of the weather stations 
showing extreme daytime temperatures has increased in California.   
 2 
GENERAL INTRODUCTION 
 
Climate extremes usually refer to weather or climate events like droughts, floods, heavy 
precipitation events, heat waves, cold spells, tropical and extratropical storms. Climate 
extreme events have been increasing in many areas and are predicted by climate models 
to increase in the future, and so have been the subject of intense study over the past 
decade (Easterling et al., 2000).  While climate extreme may be increasing, the effects of 
climate extremes on physical environment are still understudied. In the following three 
sections, I review the effects of extreme precipitation on groundwater recharge of the 
High Plains Aquifer, the effect of dry and wet events on ecosystem function in semi-arid 
grasslands, and the methodologies for detecting extreme events. 
Climate Extreme Effects on Hydrology 
Drought has been studied by hydrologists for many years. Studies on precipitation mostly 
explore the long-term effects of precipitation variability on hydrological cycling at large 
spatial scales. However, the consequences of extreme precipitation events at shorter time 
scales on hydrological cycles are rarely studied. Ignoring the short-term effects is risky, 
because precipitation extremes tend to become less frequent but more intense in arid 
regions such as the Great Plains (Garbrecht et al., 2004; Hoerling et al., 2013) where 
groundwater scarcity and pollution is the major environmental issue. 
Groundwater provides up to 90% of drinking and irrigation water across different 
parts of the U.S. and is relevant to multi-year or decadal drought due to its slow response 
time (Leung et al., 2011). Supplying 30% of the irrigated groundwater of the United 
States, groundwater in the Great Plains has provided a reliable water supply for 
increasing agricultural expansion and food production over the past 50 years (Gurdak and 
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Roe, 2010; Bedient et al., 2013; Crosbie et al., 2013). Irrigation began in the late 1800s 
and intensified through the 1980s with increasing agricultural development in the High 
Plains Aquifer (HPA); during 2000, 16 km
3
 of groundwater was extracted from the HPA, 
of which 97% was for irrigation (McMahon et al., 2004). Recharge replenishes aquifers, 
so it affects groundwater availability and quality (Gurdak and Roe, 2010). However, 
changes in recharge rate are easily ignored if it is assumed that the withdrawal rate is less 
than the recharge rate (Alley et al., 2002). Recharge of the HPA, like many aquifers in 
the Western United States, varies under different land uses and with time owing to 
changes in climate that occur seasonally or during longer periods that are controlled by 
natural factors and (or) by human activities (Gurdak et al., 2009). A recharge map of the 
HPA (Scanlon et al., 2012) shows that high recharge occurs in the northern High Plains 
(NHP), supporting sustainable groundwater pumpage, whereas lower recharge occurs in 
the central High Plains (CHP) and southern High Plains (SHP), resulting in depletion of 
330 km
3
 of groundwater. Ignoring climate extremes, Crosbie et al. (2013) also compared 
multiple climate models to show that mean climate warming leads to a +8% recharge in 
NHP and -3% and -10% in CHP and SHP, respectively. Given existing withdrawal 
trends, in the HPA, 30% of the groundwater has been pumped so far and another 39% 
will be depleted over the next 50 years, but recharge only supplies 15% of current 
pumping and would take an average of 500-1300 years to refill the depleted aquifer 
(Steward et al., 2013). 
Much of the groundwater in arid regions was recharged during wet conditions in the 
last glacial period, and is being depleted today due to withdrawal without additional 
recharge (Alley et al. 2002). By using groundwater age dating, McMahon et al. (2004) 
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showed that irrigation is mostly groundwater that was recharged during the past 13,000 
years in the CHP and SHP. In addition, unsaturated zone studies indicate that irrigation 
has not recharged the aquifer through return flow in the SHP with fine-grained soils 
(Scanlon et al., 2010) and the major recharge is through playas (Scanlon and Goldsmith, 
1997). As temporal variability in precipitation, soil moisture and surface water are 
projected to vary under more frequent and intense climate extremes associated with 
climate change and variability, the value of groundwater is expected to increase in 
coming decades (IPCC, 2011). However, the IPCC AR4 report stated that it is 
challenging to determine the magnitude and direction of groundwater change due to 
climate because of lack of necessary data, which makes groundwater harder to study in 
comparison with surface water (IPCC, 2007). However, little is known about how 
groundwater responds to climatic extremes. The first chapter explores how extreme 
precipitation directly and indirectly influences groundwater sustainability of the HPA. 
The overall goal of this chapter is to clarify the influences of extreme precipitation on the 
groundwater sustainability in the High Plains Aquifer (HPA) of the central U.S. 
Climate Extreme Effects on Ecosystems 
Predicted changes in climatic extremes are expected to have large and rapid impacts on 
ecosystem services and socioeconomic systems (Karl and Knight, 1998; Kunkel et al., 
1999). In forest ecosystem, recovery times for forest biomass lost through extreme events 
are particularly long because the effects of climate extremes on the carbon balance in 
forests are both immediate and lagged, and trees take a long time to regrow (Reichstein et 
al., 2013). Globally, drought, fire and tropical storms are the most important factors 
affecting the carbon balance. For example, drought is considered to be the major reason 
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for carbon losses and tree mortality in the Amazon (Phillips et al., 2009) and western 
U.S. (Van Mantgem et al., 2009).  
Also, grasslands are susceptible to drought, whereas other extremes (for example, 
storms) often play a smaller role (Reichstein et al., 2013). However, both managed and 
unmanaged grasslands are characterized by the high recovery potential of grasses due to 
high annual precipitation (Zavalloni et al., 2008; Gilgen and Buchmann, 2009). The high 
resilience distinguishes grasslands from forests and explains why grasslands dominate in 
areas where climates are often drier and experience extreme dry events. Once climate 
change feedbacks come into play, where drought triggers loss of vegetation (Hamerlynck 
et al., 2013) and warming may causes subsequent vegetation growth through 
phenological changes (Yu et al., 2010; Xia and Wan, 2013), more frequent extreme 
precipitation events may contribute to recovery of vegetation in semi-arid grassland. 
However, the mechanisms describing the interactions and feedbacks between warming, 
drought, and consecutive extreme precipitation events in determining grassland 
ecosystem dynamics has not been fully explored, especially with regard to belowground 
root and microbial processes.  
Current research focuses on satellite-based observations and semi-empirical models 
to study the interactions between climate extremes and grassland carbon flux. For 
example, many studies have used the normalized difference vegetation index (NDVI) to 
evaluate the response of vegetation to drought. Wagle et al. (2014) examined the impacts 
of drought on three vegetation indices (NDVI, enhanced vegetation index (EVI), and the 
land surface water index, (LSWI)) and CO2 flux from three tall-grass prairie eddy 
covariance tower sites in the U.S. and pointed out that 8-day averaged values 
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(temperature, vapor-pressure deficit) do not reflect the short-term extreme climate events 
well, suggesting that satellite-based models may need to be run at daily or hourly 
timescales, especially under unfavorable climatic conditions.  
A second approach of studying the effect of extreme climate on grassland ecosystem 
dynamics is precipitation-controlled experiments. Xu et al. (2013) studied how warming, 
altered precipitation, and clipping affect the net primary productivity and rain-use 
efficiency in a mixed-grass prairie. Using 1-year pulse warming and precipitation 
experiment, Zhou et al. (2012) studied root biomass dynamics under experimental 
warming and doubled precipitation in a tall-grass prairie and demonstrated that root 
growth and mortality are sensitive to extreme climate events and the lagged effects of 
extreme climate on root dynamics are significant in assessing terrestrial carbon-cycle 
feedbacks to climate change. However, field experiments usually last for several years 
due to the expense, equipment reliability, labor availability, etc. Longer term 
experiments, such as several decades to hundreds of years, are not realistic. Field 
experiments are also spatial limited. Eddy Covariance (EC) measurements are considered 
the most direct and sophisticated method of long-term flux observations by ecologists. 
However, the EC data have large data gaps because the approach only works when there 
is turbulence, which is often low at night.  
Process-based biogeochemical models are the third way of studying complex 
interactions between climate extremes and ecosystem feedbacks especially at large spatial 
and long temporal scales. However, most biogeochemical models are simplified by 
emphasizing some, but ignoring other, environmental factors which may play significant 
roles in determining ecosystem feedbacks to extreme climate events. For example, He et 
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al. (2016) found that many land surface models underestimated the mean age of soil 
carbon by a factor of more than six (430 ± 50 years versus 3100 ± 1800 years), and 
therefore estimated a significant soil carbon sink by 2100 and overestimated the carbon 
sequestration potential of soils by a factor of nearly two (40 ± 27%). These 
inconsistencies suggest that land surface must better represent carbon dynamics in 
terrestrial ecosystems before being used to simulate the effects of future atmospheric 
carbon dioxide and warming. Model calibration is often a trade-off between sensitivity 
and correlation of parameters and available target data. However, many large scale 
ecosystem models are not calibrated, but using parameter values from the literature 
without proper calibration may result in poor model validation.  
Despite these issues, modeling is still the main approach of studying large scale 
ecosystem dynamics and the interactions with climate (Wang et al., 2015; Li et al., 2016; 
McGuire et al., 2016) for the following reasons: (1) models can emphasize the most 
important processes by holding other environmental conditions constant; (2) models can 
allow for multiple experiments; (3) models are the only means of prediction; (4) models 
can assimilate in-situ observations for large scale analysis. However, little is known about 
how carbon and nitrogen allocation to plant structural components respond to extreme 
climatic conditions. The second chapter explores how short-term drought, warming, long-
term drought and their superimposed effects determine root, leaf, and seed C allocations 
in two Great Plains grassland sites in the central US. This chapter provides two additional 
contributions to the TEM modeling frame work: (1): in order to best capture the extreme 
precipitation effects, a two-layer soil model based on the Variable Infiltration Capacity 
(VIC) model was proposed to update the original single-layer soil model in TEM-Hydro; 
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(2), an “S” curve method was designed to simulate rooting depth in terms of accessing 
soil available water for plant growth, which improves model accuracy and facilitates 
biomass balance between aboveground and belowground vegetation components.  
Missing Meteorological Data Imputation and Climate Extreme Detection 
The current widely used extreme climate detection methods by ecologists are percentile-
based. For example, the Intergovernmental Panel on Climate Change (IPCC) defines 
extreme climatic events as events occurring on the tails of the probability distribution of 
climate events at a particular place over a certain period of time. However, Smith (2011) 
synthesized the ecological roles of extreme climate events and pointed out that the 
climatological definition has inherent limitations as a statistical climate extreme may not 
necessarily cause plant responses. Therefore, research is needed to identify the types and 
time-scales of climate extremes that result in extreme ecosystem events. To better trace 
the extreme climatic events in terms of ecosystem response, Reichstein et al. (2013) 
defined climatic extremes as conditions where ecosystem productivity is higher or lower 
than a threshold which is determined by various percentiles of the climate anomalies. 
This definition considers both the driver and response. However, the mechanisms of these 
definitions are based on statistical percentiles, which highly correlate to the base period 
selection and the size of the moving window when choosing the sample data. Considering 
the effect of global warming, the changes of temperature and precipitation within a 
warmer climate may not drive ecosystem responses due to the acclimation of plants. 
Therefore, capturing the extreme events during the period with comparable climate may 
be more meaningful from the perspectives of a broad range of organisms and ecosystems.  
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Nevertheless, meteorological data often have missing observations, which impedes 
the robustness of these proposed extreme analysis approaches and correspondent 
applications. For example, Janssen et al. (2014) adopted the Global Historical Climate 
Network-Daily (GHCND) data set and calculated the extreme precipitation index for 726 
stations over the continental United States. For each period of analysis, a station was 
included if it had at least 90% available daily data, and for each year in the station time 
series, the number of extreme events was calculated if there was at least 300 days for that 
year; otherwise, the station's value for that year was considered missing and not included 
in the grid cell average. There are roughly 40% of data being wasted by this procedure. 
Some climatologists have proposed missing data imputation methods for ten years, which 
was commonly used by authors studying climate change or hydrological studies. These 
methods are highly dependent upon statistical regressions between the imputed weather 
stations and their surrounding stations with full data records. For example, Hubbard 
(2001) designed a spatial weighted regression test checking whether the climate variable 
falls inside the confidence interval formed from estimates based on five “best fit” 
neighboring stations, which were selected by specifying a radius around the station and 
finding those stations with the closest statistical agreement to the target station, during a 
time period of 24 days. However, this spatial comparison is using linear regression to 
estimate confidence intervals for the station in question. Considering the topography and 
data quality of the surrounding stations, this method may not guarantee the quality of the 
imputed data. Also, imputed data may exhibit a sudden rise or fall compared to the 
available target stations, which may be mistakenly interpreted as an extreme event. 
Therefore, a more sophisticated and robust method of imputing missing data is required. 
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The first half part of the third chapter aims to impute the missing records in climate data 
by adopting the Functional Principle Component Analysis method.  
Considering the shortcoming of existing methodologies, I employed a “new” 
extreme event detection method, functional boxplot (Sun and Genton, 2011), to detect 
extreme temperatures in California as a case study. The original purpose of this method is 
to detect outliers existing in a regular data set from diverse fields. The mechanism of this 
method is similarly to the extreme value detection used by climatologists. Therefore, we 
treated the outliers of temperature records in the meteorological dataset as extreme 
events. Future work of comparing this method with other generally-used extreme climate 
indices is needed to further validate the robustness of this approach.  
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ABSTRACT 
Future extreme precipitation (EP, daily rainfall amount over certain thresholds) is 
projected to increase with global climate change; however, its effect on groundwater 
recharge has not been fully explored. This study specifically investigates the 
spatiotemporal dynamics of groundwater recharge and the effects of extreme 
precipitation (daily rainfall amount over the 95th percentile, which is tagged by ranking 
the percentiles in each season for a base period) on groundwater recharge from 1950-
2010 over the Northern High Plains Aquifer (NHP) using the Soil Water Balance Model. 
The results show that groundwater recharge significantly (p<0.05) increased in the 
eastern NHP from 1950-2010, where the highest annual average groundwater recharge 
occurs compared to the central and the western NHP. In the eastern NHP, 45.1% of the 
annual precipitation fell as EP, which contributed 56.8% of the annual total groundwater 
recharge. In the western NHP, 30.9% of the annual precipitation fell as extreme 
precipitation, which contributed 62.5% of the annual total groundwater recharge. In 
addition, recharge by extreme precipitation mainly occurred in late spring and early 
summer, before the maximum evapotranspiration rate, which usually occurs in mid-
summer until late fall. A dry site in the western NHP and a wet site in the eastern NHP 
were analyzed to indicate how recharge responds to EP with different precipitation 
regimes. The maximum daily recharge at the dry site exceeded the wet site when there 
was EP. When precipitation fell as non-extreme rainfall, most recharge was less than 5 
mm at both the dry and wet sites, and the maximum recharge at the dry site became lower 
than the wet site. This study shows that extreme precipitation plays a significant role in 
determining groundwater recharge.  
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1.1  Introduction 
Changes in the frequency and intensity of climate extremes have been observed in many 
areas globally (Easterling et al., 2000). From 1951-2003, statistical analysis of global 
extreme temperature and precipitation showed a widespread and significant increase 
(Alexander et al., 2006). In the United States, most levels of government are affected by 
the weather extremes, which drives the national policy from structural solutions (building 
dams, levees, and irrigation ditches) to societal solutions (moving people out of 
precarious exposed areas, seeking improvements in building standards, and inspiring the 
use of agricultural insurance) (Changnon and Easterling, 2000). Karl and Knight (1998) 
evaluated the trends of precipitation through percentiles and daily thresholds defined 
from the Historical Climatology Network stations and found that the intensity and 
proportion of extreme precipitation (EP) events relative to total annual precipitation 
increased in the U.S. since 1910 through the end of the twentieth century. The 
atmospheric water-holding capacity increases by about 7% for every 1 °C rise in 
temperature, indicating global climate change may lead to enhanced extreme rainfall 
events (Yi et al., 2012; 2015). 
The impact of future climate change on groundwater resources has been studied 
(Crosbie et al., 2013; Crosbie et al., 2013; Portmann et al., 2013), with large uncertainty 
of model projections. Temporal variability in soil moisture and surface water has been 
observed to vary under more frequent and intense precipitation events and to modify 
climate mean and extreme patterns (Jr-Chuan et al., 2014; Liu et al., 2014; Reich and 
Lake, 2015). Existing studies indicate that higher precipitation intensity can either restrict 
or promote groundwater recharge (GWR) in different regions (Döll and Fiedler, 2007; 
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Owor et al., 2009; Taylor et al., 2013). However, the detailed behavior of groundwater 
recharge as a result of EP is not well known (Jasechko et al., 2014), as the previous 
studies are performed at monthly time scales (Kidmose et al., 2013; Taylor et al., 2013). 
According to Scanlon et al. (2002), the error in the recharge estimate reduces 
significantly if the water balance is calculated on a daily time-step, which was adopted by 
our study. 
The High Plains Aquifer (often referred to as the Ogallala Aquifer) underlies about 
450,000 km
2
 in parts of eight states of the U.S. (South Dakota, Nebraska, Wyoming, 
Colorado, Kansas, New Mexico, Oklahoma, and Texas), extending from the central to the 
southern Great Plains (Figure 1.1). It is the largest aquifer in the Unites States, providing 
70% of the groundwater and 30% of the irrigated water in the country (Bedient et al., 
2013; Crosbie et al., 2013). The groundwater in the High Plains has been depleting since 
1900 (Scanlon et al., 2012). During 2000, 16 km
3
 of groundwater was extracted from the 
HPA, of which 97% was for irrigation (McMahon et al., 2004; McMahon et al., 2007). 
Groundwater recharge to the High Plains Aquifer occurs as diffuse infiltration from 
precipitation in the north, and focused infiltration of storm and irrigation water in the 
south (Scanlon and Goldsmith, 1997; Gurdak et al., 2009; Gurdak and Roe, 2010; 
Crosbie et al., 2013). Groundwater recharge of the HPA varies under different land uses 
and with time, due to both natural and anthropogenic climate and land use changes 
(Gurdak et al., 2009). Increased recharge may only exist in the Northern High Plains 
(NHP) through 2050 (Crosbie et al., 2013). 
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Figure 1.1 Spatial locations (top) elevation map (bottom) of the Northern High Plains 
Aquifer. Two squares are the dry site and the wet site, respectively. The locations of the 
seven soil moisture observation sites are marked by the triangles with different colors. 
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For the period of 1950-2010, the average annual air temperature across the NHP 
ranges from 4.4 to 12.5°C, with a gradient due to latitude (Dennehy et al., 2002). The 
average annual precipitation ranges from 304 mm in the west to 810 mm in the east. In 
addition, frequent winds, low humidity, and a high rate of annual evaporation define the 
semi-arid climate in the High Plains (Dennehy et al., 2002). Grassland is the dominant 
land cover in the NHP, accounting for 57.1% of the coverage, with the 35.13% as 
cropland, 30% of which is irrigated (Scanlon et al., 2012). Elevation in the High Plains 
has a moderate west-to-east gradient, ranging from 2300 m in the west to 300 m in the 
east (Figure 1.1). The soil texture varies geographically, with generally less clay content 
in the western NHP, none at all in the central NHP (Sand Hills region), and higher clay 
content in the eastern NHP region. The Ogallala Formation is the most extensive 
hydrogeological unit, which makes up about three-fourths of the total High Plains region 
(McMahon et al., 2007). The unsaturated-zone thickness ranges from 0 to approximately 
152 m and averages about 30.5 m. The saturated thickness of the HPA ranges from less 
than 1 to more than 300 m, averages about 61 m, varies geographically and is greatest in 
the NHP (McMahon et al., 2007).  
Impacts of historical and potential climate change on groundwater recharge have 
been studied in the HPA (Crosbie et al., 2013). However, since 1900, there is an upward 
trend in the number of precipitation events in the Great Plains, although substantial inter-
annual and decadal-scale variability exists (Kunkel et al., 2013). More recently, the 
overall trend of EP has been upward at a statistically significant rate in the central Great 
Plains from 1931 to 1996 (Kunkel et al., 1999). Groisman et al. (2012) shows that 
temporal changes of moderately heavy precipitation events decreased in frequency, while 
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heavier events increased for the period 1979-2009 in the central Unites States. Little is 
known about how climate extremes affect infiltration into the groundwater reservoir. 
This study goes beyond previous studies by exploring the effects of EP on historical 
groundwater recharge in the Northern High Plains Aquifer. Two scientific questions were 
addressed: (1) how groundwater recharge changed over the last sixty years in the NHP; 
(2) how EP contributed to the groundwater dynamics in the NHP, using the Soil Water 
Balance Model (SWB), a groundwater recharge model (Dripps and Bradbury, 2007; 
Dripps and Bradbury, 2010; Stanton et al., 2011; Stanton et al., 2013). The hypothesis is 
that increased EP increases the groundwater recharge throughout the NHP region as 
higher rainfall naturally leads to higher soil moisture and increased groundwater 
recharge. 
1.2  Datasets and Methods 
To derive the EP indices, a dataset with daily gridded observations of maximum and 
minimum temperature, and precipitation (http://www.engr.scu.edu/~emaurer/data.shtml) 
across the US from 1949 to 2010 at 0.125° spatial resolution (~14 km) was used (Maurer 
et al., 2002). This climate dataset was used to force the SWB model. In total, 2696 grids 
were used with longitude ranging from 96° 3' to 105° 33' W and with latitude ranging 
from 38° 7' to 43° 59' N (Figure 1.1). 
1.2.1  Identification of Climate Extreme Events 
Extreme precipitation indices are mostly based on fixed thresholds, such as 10 or 20 mm. 
However, climate extreme indices using fixed thresholds are less suitable for spatial 
comparisons than percentile thresholds based on a fixed baseline period, because the 
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climatology of temperature or precipitation over large areas can vary significantly (Zhang 
et al., 2011). Areas with drier climate may not reflect some extreme precipitation if fixed 
thresholds is adopted, as their 95th percentiles might be much smaller than the fixed 
thresholds compared with moist regions. In this study, instead of using the fixed-
threshold-based estimates (ETCCDMI, http://cccma.seos.uvic.ca/ETCCDMI/), two 
percentile-based precipitation indices, annual extreme precipitation days (ND95 – annual 
days with daily precipitation over seasonal 95th percentiles) and annual total precipitation 
from those extreme precipitation days (TP95 – annual precipitation over seasonal 95th 
percentiles), were proposed to allow the spatial comparison across this large study area. 
Specifically, both ND95 and TP95 were calculated from the sample of all wet days 
(precipitation greater than or equal to 1 mm) by incrementing the day and summing the 
precipitation for each day when the seasonal 95th percentile threshold is surpassed at the 
grid cell level. A climatological baseline period 1961-1990 was selected for the 
thresholds estimates for easy comparison of indices (Zhang et al., 2005). The seasonal 
95th percentile was estimated using all daily precipitation from wet days in each season 
over the baseline period. This modification of EP threshold estimates accounts for the 
seasonality, which makes EP estimations more seasonally relevant. 
1.2.2  Groundwater Recharge Estimation 
1.2.2.1 Recharge Estimation  
Groundwater recharge is calculated using the SWB model (Westenbroek et al., 2010). 
The SWB model has been applied in regional studies of groundwater recharge (Dripps 
and Bradbury, 2007; Dripps and Bradbury, 2010) and can be readily coupled with a 
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groundwater model such as MODFLOW (Stanton et al., 2011; Stanton et al., 2013). 
Groundwater recharge is calculated for each grid cell in the model domain as follows: 
Recharge = (Precipitation + Snowmelt + Inflow) – (Interception + Snowfall + Outflow + ET) – ∆Soil 
Moisture 
The algorithm of the model is based on a modified Thornthwaite-Mather soil-water-
balance approach, with hydrological components calculated at a daily time step. 
Groundwater recharge is defined as excess water capped at the value of the maximum 
water-holding capacity, which infiltrates across the rooting depth (user-specified). 
Surface horizontal inflow from upstream cells is calculated to route outflow (surface 
runoff) to adjacent downslope grid cells by using flow-direction derived from a digital 
elevation model. Outflow is estimated by use of the U.S. Department of Agriculture, 
Natural Resources Conservation Service curve number rainfall-runoff relation, which is 
based on spatially referenced soil texture and water holding capacity, land use land cover 
(LULC), surface condition, and antecedent runoff condition (Westenbroek et al., 2010). 
Evapotranspiration (ET) in the SWB is calculated according to Hargreaves and Samani 
(1985), by referencing daily maximum and minimum temperature. The original SWB 
code, model executable, and model manual can be found at the USGS website 
(http://wi.water.usgs.gov/Soil_Water_Balance).  
Soil property data were derived from the Soil Survey Geographic Database 
(SSURGO) from the website of the U.S. Department of Agriculture (USDA) 
(http://www.nrcs.usda.gov/wps/portal/nrcs/detail/ny/soils). Surface water flow direction 
data were produced using the 90 m resolution Digital Elevation Model (DEM) data of 
Shuttle Radar Topography Mission (SRTM) downloaded from the NASA website 
(http://www2.jpl.nasa.gov/srtm/dataprod.htm). The soil data and DEM-derived flow 
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direction data were aggregated up to 0.125° to match the climate dataset resolution, 
although finer resolution in geophysical data may improve simulation results. 
Land use land cover types were allowed to vary through time. The historical (1950-
2005) LULC types for the NHP were downloaded from the Groundwater Resources 
Program of USGS (http://pubs.usgs.gov/ds/777/), which was constructed by the 
FOREcasting SCEnarios (FORE-SCE) model (Sohl, 2013). A separate land cover grid 
for each year that accounts for changes in land cover from 1950–2005 was input into the 
SWB model. For the period from 2006-2010, we assume the land use/cover remains the 
same as 2005. The original resolution of the land use data was 250 m and was aggregated 
to 0.125°. The aggregated land use types include water (0.4%), developed land (0.8%), 
deciduous forest (0.8%), mixed forest (0.07%), shrubland (3.9%), wetland (1.3%), woody 
land (0.2%), barren land (0.3%) and two dominant types, cropland (35.13%) and 
grassland (57.1%). Most of the agricultural lands are concentrated in the east half of the 
NHP, typically in the form of irrigated corn and soybean (Szilagyi et al., 2011). The land 
use transitions between 1950 and 2005 were calculated and included in the model (Figure 
S1). In the areas without land use changes, 49.2% and 14.2% of the entire NHP remain as 
grassland and cropland, respectively. In the areas with land use changes, 13.4% of the 
NHP changed from grassland to cropland, and 11.7% switched from cropland to 
grassland, with net transition of 1.7% of the NHP from grassland to cropland. Other land 
use transitions were less than 2%. Therefore, the effects of land use changes on recharge 
were assumed to be insignificant.  
Irrigated cropland is not subcategorized in the land use dataset. Irrigation was 
primarily applied in the SWB model with only 50% and 20% plant available water for 
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cropland and pasture, respectively. During each irrigation application, the model adds 0.5 
inches (12.7 mm) of water to the cropland and 0.3 inches (7.62 mm) to the pasture, 
regardless of saturation. The irrigation efficiency is 95% in the SWB model, which 
actually contributes 0.475 inches (12.0 mm) and 0.285 inches (7.24 mm) water to 
cropland and pasture. These amounts of water for irrigation are consistent with Kranz et 
al. (2008), who indicated that water use rates of corn fields in Nebraska reach 0.32 inches 
per day when averaged over a 3-5 day period, and individual day water use rates can 
reach over 0.40 inches per day with high vapor pressure deficit and windy conditions. 
Irrigation is assumed to be all from surface water in this study. 
The root zone depth was prescribed in a land use look-up table as a standard input 
table for the SWB and was adjusted according to Merrill et al. (2002). The root depth 
varied with combinations of soil types and LULC. The average root depth was 100 cm 
for pasture/grassland and 90 cm for cropland. 
1.2.2.2 SWB Model Calibration 
To ensure that the SWB simulated the water budget well, the model was calibrated to 
match monthly in situ soil moisture measurements from 2006-2008 and then validated 
against soil moisture from 2009-2010 and monthly MODIS ET values. The monthly 
MODIS ET measurements are available from 2000-2010, which covers the period (2006-
2010) of the available observed soil moisture. The measured daily soil moisture of seven 
monitoring sites in eastern Nebraska (Table 1.1 & Figure 1.1) is from the Automated 
Weather Data Network, provided by the North American Soil Moisture Database of the 
Texas A&M University (http://soilmoisture.tamu.edu/Data/Map/). The daily soil moisture 
was calculated as the depth weighted arithmetic mean of 0-10 cm, 10-25 cm, 25-50 cm, 
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and 50-100 cm volumetric soil moisture. The monthly soil moisture was the average of 
daily soil moisture in each month. The monthly SWB soil moisture is from the model 
grid cells in which each of the seven soil moisture sites are located. 
Table 1.1 The geophysical information of the seven soil moisture observation sites. 
Site 
Longitude 
(°) 
Latitude 
(°) 
Land Use 
Soil AWC 
(in/ft.) 
Root Depth 
(cm) 
Beatrice 40.31 -96.93 Pasture 4.4 1000 
Central City 41.15 -97.97 Pasture 3.2 1200 
Clay Center 40.57 -98.13 Pasture 3.9 1100 
Grand Island 40.88 -98.50 Pasture 4.4 1200 
Ord 41.62 -98.93 Cropland 3.6 900 
Red Cloud 40.08 -98.28 Cropland 4.0 900 
York 40.87 -97.62 Pasture 4.4 1100 
 
The ET coefficient and soil available water capacity (AWC, field capacity - wilting 
point) were manually adjusted to match the observed soil moisture data from 2006-2008. 
The ET coefficient is a calibration coefficient and is a constant over the model domain 
during the period of the simulation. As the ET coefficient and AWC both have influences 
on soil moisture, a sensitivity test was conducted first to understand the influence of these 
parameters by calculating the Root Mean Squared Error (RMSE) between the monthly 
observed and modeled soil moisture from 2006-2010, which is the total calibration and 
validation period. Two sets of AWC were initially prepared (Table 1.2) and ten ET 
coefficients (0.0009, 0.0011, 0.0015, 0.0024, 0.0028, 0.0035, 0.0045, 0.005, 0.007, and 
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0.013) were used for the sensitivity test. The AWC set 1 was manually adjusted based on 
the AWC set 2, which is from the Soil Information for Environmental Modeling and 
Ecosystem Management database (http://www.soilinfo.psu.edu), and the RMSE of soil 
moisture. In total, 20 simulations were carried out. The results show that the 
combinations of AWC set 1 and 0.0011 ET coefficient gave the least RMSE in soil 
moisture (Figure S2). Finally, 0.0011 ET coefficient and AWC set 1 were adopted for the 
initial model setup.  
Table 1.2 The adjusted vs. the original soil AWC for the seven soil moisture sites. 
Site 
Soil AWC (in/ft.) 
Set 1 Set 2 
Beatrice 4.4 2.4 
Central City 3.2 0.96 
Clay Center 3.9 2.4 
Grand Island 4.4 0.96 
Ord 3.6 0.96 
Red Cloud 4 2.4 
York 4.2 2.4 
 
Soil moisture data were then separated into two periods, 2006-2008 and 2009-2010, 
with the earlier period used for calibration and latter for validation. Results show that the 
RMSE values on monthly soil moisture for the calibration period are all less than 0.1 mm 
and the highest value of RMSE for validation period is 0.168 mm (Table 1.3). Then, the 
original AWC were classified into four groups and were adjusted respectively to four 
fixed values, 2.4, 3.0, 4.0, and 4.4 in/ft. by referencing the zonal soil hydrologic groups 
for the entire NHP region (Figure S3). 
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Table 1.3 The Root Mean Squared Error (RMSE) between monthly observed and 
modeled soil moisture for the seven observation sites in the calibration and validation 
periods. 
Site 
RMSE (mm) 
Calibration 
(2006-2008) 
Validation 
(2009-2010) 
Beatrice 0.091 0.168 
Central City 0.097 0.080 
Clay Center 0.099 0.118 
Grand Island 0.062 0.050 
Ord 0.057 0.060 
Red Cloud 0.073 0.083 
York 0.043 0.046 
MODIS monthly ET data were used for the validation of the modeled ET over the 
wet sub-site (Figure 1.1), as it has been applied to estimate water balance from local to 
global scales (Wilson et al., 2001; Nagler et al., 2005; Mu et al., 2011; Velpuri et al., 
2013). The monthly SWB ET matches the monthly MODIS ET well, except for slight 
underestimates in winter ET (Figure S4). Considering our study mainly focuses on the 
growing-season EP events, the underestimation in winter ET does not significantly affect 
the results.  
1.2.3  Groundwater Recharge Validation 
In order to further evaluate the modeled groundwater recharge, we compared it with the 
chloride mass balance-based recharge. By collecting chloride concentration data of 31 
stations, Szilagyi et al. (2011) applied this method to verify their MODIS-derived 
groundwater recharge estimates in the Sand Hills region in the NHP. SWB groundwater 
estimates were verified by making use of the result of Szilagyi et al. (2011). The chloride 
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dataset for stations in the Sand Hills region is only available from 2002-2004 from the 
National Water Quality Assessment Program (http://water.usgs.gov/nawqa) (USGS, 
2011). Therefore, the annual total recharge by the SWB from 2002 to 2004 was extracted 
to calculate the 3-year average recharge over the Sand Hills region. The spatial average 
groundwater recharge of SWB is 68.8 mm year
-1 
for that region (Figure 1.2), which is 
consistent with the Cl-based mean groundwater recharge 74 (± 33) mm year
-1
 by Szilagyi 
et al. (2011). The spatial distribution of Sand Hills recharge estimated by this study also 
matches that of Szilagyi et al. (2011). Other studies (Dripps and Bradbury, 2007; Dripps 
and Bradbury, 2010) have also shown that the SWB model recharge rates compare 
favorably to measured values.  
1.2.4  Attribution of GWR to Climate Drivers 
To evaluate the trend of recharge, the non-parametric Mann-Kendall statistical test at a 
confidence level of 95% each grid cell (Kendall, 1948; Yue et al., 2002; Hamed, 2008). 
In order to compare the various effects of EP on groundwater recharge, two sub-sites 
(wet and dry), each of which consists of 100 grid cells in both the eastern and the western 
NHP, were chosen (Figure 1.1). Pearson correlations between EP and groundwater 
recharge, ET, and soil moisture were calculated and compared. Annual recharge induced 
by extreme rainfall events was calculated by summing the recharge that was concurrent 
with these EP days. This analysis enables us to differentiate the effects of EP on 
groundwater recharge in moist versus arid regions. 
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Figure 1.2 Spatial distribution of the average modeled recharge (mm year
-1
) in the Sand 
Hills region, 2002-2004. The spatial average groundwater recharge of SWB is 68.8 mm 
year
-1
. 
 
1.3    Results 
1.3.1 Spatial Distribution of GWR 
The 1950-2010 average recharge distribution for the NHP calculated by SWB ranges 
from 0 to 490 mm (Figure 1.3). The highest recharge rates occurred in eastern Nebraska. 
Recharge rates dramatically decrease toward the west due to the steep east-to-west 
gradient in annual precipitation, with recharge ranging from 10-50 mm yr
-1
 in the central 
NHP and 0-5 mm yr
-1
 in the western NHP (Figure 1.3).  
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Figure 1.3 Spatial distribution of long-term average modeled recharge (mm year
-1
) in the 
NHP, 1950-2010. 
1.3.2 Temporal Change of GWR 
Statistically significant increases in recharge occur in the humid eastern NHP (Figure 
1.4). The central and western NHP had no significant changes in recharge, with the 
largest increases occurring in the southeastern NHP. Small areas in the Sand Hills region 
have significant increases in recharge as well.  
 
Figure 1.4 Mann-Kendall temporal trend of average annual modeled groundwater 
recharge in the NHP, 1950-2010 (significance is indicated by the color gradients). 
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The spatial averages of annual total precipitation significantly increased from 1950 
through 2010 (Figure 1.5). The annual evapotranspiration (AET) increased significantly 
and showed consistent inter-annual variability with precipitation. Annual irrigation in the 
NHP ranged from 90-290 mm and had opposite trends compared to precipitation and 
AET. However, total irrigation showed an insignificantly decreasing trend due to the 
increased precipitation and stable land use land cover change (Figure S1). The annual 
total recharge significantly increased as well, which is consistent with the annual 
precipitation (Figure 1.5). The regression coefficient, R
2
=0.55, indicates that 55% of 
inter-annual variability in recharge was explained by the differences in the timing and 
quantity of annual total precipitation over the entire NHP. 
 
Figure 1.5 Time series of annual precipitation, AET, irrigation, runoff, and modeled 
groundwater recharge in the NHP, 1950 to 2010. Linear regression fitting with ordinary 
least squares (OLS) indicates the trends of annual precipitation, AET, recharge, and 
irrigation, respectively. Linear regression equations and statistical p values are indicated 
next to the legend square. 
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1.3.3 Effects of Extreme Precipitation on GWR  
From 1950 to 2010, the mean annual ND95 and TP95 in the NHP formed a west-to-east 
gradient, with the smallest TP95 (~84 mm) and ND95 (~4 days) in the western NHP and 
the largest TP95 (~354 mm) and ND95 (~15 days) in the eastern NHP (Figure 1.6). Some 
parts of the Sand Hills region had higher TP95 (100-120 mm) and ND95 (10-12 days) 
than the western NHP. Similarly to the recharge trend, statistically significant increases in 
TP95 occur in the eastern and southeastern NHP (Figure S5). The central and western 
NHP had no significant changes in TP95. Given that the patterns of TP95 and ND95 are 
quite similar to each other, only TP95 was used to further explore the relationships 
between EP and recharge. 
 
Figure 1.6 Spatial distributions of average TP95 (a) and ND95 (b) in the NHP, 1950-
2010. 
The averages of monthly TP95 and recharge at both the wet and dry sites are 
illustrated in Figure 1.7. At the wet site, the maximum TP95 occurred in May and June, 
with 57.8 mm and 55.9 mm respectively, followed by April, July, and August (Figure 
1.7a). At the dry site, the maximum EP (TP95) was 31.9 mm and occurred in May, 
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followed by June and July (Figure 1.7b). The annual maximum recharge by TP95 at both 
sites occurred in May, followed by June and April (Figure 1.7c&d). Duration of major 
recharge (> 5 mm) is 1.5 months longer at the wet site (late March to July) than the dry 
site (later April to early July). No significant TP95-induced recharge occurred in fall or 
winter (August to February) at either site (Figure 1.7c&d).  
 
Figure 1.7 Monthly average TP95 and TP95-induced recharge at the wet (a, c) and dry 
sites (b, d). The blue curves are the actual values of each variable, and the red curves are 
the standard deviations. 
Over the typical precipitation season (April to September), the TP95 had significant 
variability from March to October at the wet site, with the highest variability in June 
(Figure 1.7a). The dry site had considerable variability in TP95 from April to September, 
with the highest variability in May (Figure 1.7b). The estimated monthly recharge rates 
induced by TP95 for both the wet and the dry sites also showed considerable variability, 
largely proportional to the mean (Figure 1.7c&d).  
 36 
At the wet site, 45.1% of the annual precipitation fell as extreme rainfall, and 
extreme-precipitation-induced annual recharge accounted for 56.8% of the annual total 
recharge. There is a strong correlation between annual TP95 and groundwater recharge 
rates at the wet site (R
2
=0.806 Figure 1.8a). In contrast, 30.9% precipitation fell as 
extreme rainfall on average at the dry site, and the extreme-precipitation-induced 
recharge accounted for 62.5% of the annual total recharge. The correlation between 
annual TP95 and groundwater recharge rates is weaker (R
2
=0.497) at the dry site (Figure 
1.8b) because of the higher variability in antecedent soil moisture conditions with EP 
events. 
 
Figure 1.8 The correlations between annual TP95 and modeled recharge, actual 
evapotranspiration, and soil moisture change at the wet (a, c, e) and dry sites (b, d, f). 
The correlations between TP95 and AET are R
2
=0.583 and 0.668 for the wet and dry 
sites, respectively (Figure 1.8c&d), which shows that AET is well correlated for both 
sites when EP events occurred. The correlation between TP95 and soil moisture change 
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(new soil moisture minus antecedent soil moisture) is strong at both sites, but stronger at 
the dry site (R
2
=0.573 at the wet site and R
2
=0.691 at the dry site, Figure 1.8e&f).  
The correlations between non-TP95 precipitation, total precipitation and recharge are 
R
2
=0.617 and 0.623 for the wet site, respectively (Figure 1.9a&c). Although these 
correlations are fairly high, they are lower than the correlation between TP95 and 
recharge (Figure 1.9c), which indicates that recharge is well correlated with EP at the wet 
site. For the dry site, the correlations between non-TP95 precipitation, annual 
precipitation and recharge (Figure 1.9b&d), R
2
=0.196 and 0.236, are still lower than 
when extremes are considered (Figure 1.8b). Therefore, recharge at both sites was mostly 
due to the presence of the EP component.  
 
Figure 1.9 The correlations between annual Non-TP95 precipitation and corresponding 
modeled recharge (a: the wet site, b: the dry site), and the correlations between annual 
total precipitation and modeled annual total recharge (c: the wet site, d: the dry site). 
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Recharge responses similarly to EP and non-EP at both sites (Figure 1.10). Although 
the annual total recharge was less at the dry site, its maximum daily recharge was higher 
than the wet site when there was EP (Figure 1.10a&b). When precipitation fell as non-
extreme rainfall, most recharge was less than 5 mm at both sites (Figure 1.10c&d). The 
maximum recharge was up to 7.4 mm at the dry site and was about 7.8 mm at the wet site 
(Figure 1.10c&d). Recharge is negligible when soil moisture was less than 200 mm high 
at either site no matter whether or not EP occurred (Figure 1.10). Therefore, when lower 
precipitation events occur, more water evaporates without recharging the ground. 
 
Figure 1.10 The daily recharge versus soil moisture concurrent with TP95 and Non-TP95 
at the wet (a, c) and the dry sites (b, d). 
1.4    Discussion 
1.4.1 Dynamics of GWR and EP  
Although there are a number of studies showing historical and future EP trends (Webb et 
al., 1983; Sala et al., 1988; Kunkel et al., 1999; Jasechko et al., 2014), understanding the 
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role EP plays in groundwater recharge has been hindered, because long-term groundwater 
recharge data are still not available at local, regional, and global scales due to sparse and 
discontinuous observations, limiting recharge trend estimates. This study, for the first 
time, shows the long-term historical interactions between EP and groundwater recharge 
in the NHP, using a model-data comparison approach. Herrera-Pantoja and Hiscock 
(2008) and Jasechko et al. (2014) showed the magnitude of EP increased in the NHP 
region from 1950 to 2010. While EP accounts for less than 50% of the total precipitation 
in this region, it contributes even more to recharge than its percentage of the total would 
suggest.  
Recharge has increased significantly in the eastern half of the NHP but not in the 
western NHP (Figure 1.4). Statistically insignificant increases in precipitation may cause 
significant changes in ET and soil moisture (Eckhardt and Ulbrich, 2003; Felzer and 
Sahagian, 2014). A likely reason for the unchanged recharge in drier areas in the western 
NHP is that EP with short duration solely increased soil moisture, which remains only a 
short time in the soil column and eventually exits the system as ET (Figure 1.8b&d). As a 
result, the increased soil water by EP with short duration does not infiltrate into the water 
table, and changes in groundwater recharge are less significant compared to wet areas 
where soil moisture starts out high and is better retained because of greater soil water 
holding capacity. 
Irrigation amount insignificantly decreased from 1950 through 2010, which is due to 
the increases in precipitation (Figure 1.5). Irrigation is applied when drought occurs. 
Recharge by irrigation was negligible as irrigated water is mainly used by plants and 
leaves the soil column through ET. Considering the irrigation amount by SWB (0.475 
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inches for cropland and 0.285 inches for pasture) is close to the actual plant water use 
rates (0.4 inches) by Kranz et al. (2008), the irrigated water after plant usage was not 
sufficient to recharge the water table. In addition, the area of cropland in the NHP 
remains around 30% over the 60-year period (Figure S1), which limits the amount of 
irrigation. Therefore, the recharge observed by this study applies to climate primarily, 
and the effects of irrigation on recharge in this study are insignificant. 
At seasonal timescales, a previous study showed that effective recharge took place 
only during late winter and spring, with no summer or fall recharge due to the high ET 
rate in central Kansas (Sophocleous and Perry, 1985). Based on the results of this study, 
significant recharge by EP mainly originated during late spring and early summer before 
the maximum ET rate which usually occurs in mid-summer until late fall in the NHP. 
However, these recharge pulses may have significant delays (several months) prior to 
reaching the deep groundwater table (Westenbroek et al., 2010). Precipitation in winter in 
the NHP accounts for 7.4% of the annual precipitation, and consequently recharges 
occurring in winter accounts for 8.1% of the annual total recharge. Using the SWB 
model, Dripps and Bradbury (2010) found that the largest recharge events are due to 
early spring snowmelt and small recharge events are associated with the spring rains of 
April and May in the north central United States, which is a snow-dominated region. 
However, the effects of snowfall/snowmelt on recharge were not as significant as 
extreme rainfall in other seasons in this study region. In addition, the relationship 
between winter/spring snowfall and summer soil moisture was partly explained by soil 
moisture in the Northern Great Plains (Quiring and Kluver, 2009).  
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1.4.2 GWR-EP Interactions  
From the results at the two sites in the NHP, EP plays a significant role in determining 
groundwater recharge. At the wet site, the correlations between EP and recharge, AET, 
and antecedent soil moisture are high and consistent with each other (Figure 1.8a,c,e). 
These correlations indicate that soil moisture was high in most years at the wet site, 
which provides maximum potential for groundwater recharge with various magnitudes of 
precipitation. At the dry site, the correlations between AET, soil moisture and EP (Figure 
1.8d&f) are higher than the wet site (Figure 1.8c&d). However, the correlation between 
EP and recharge at the dry site (Figure 1.8b) is much lower than the correlation at the wet 
site (Figure 1.8a). This difference indicates that soil moisture deficit was greater in drier 
areas, and extreme rainfall with shorter duration increased soil moisture and was lost 
through ET without stimulating recharge. In comparison with total precipitation and total 
non-EP, recharge was more sensitive to EP at both sites (Figures 9 and 10). 
Antecedent soil moisture conditions were found to play a significant role in 
determining the groundwater recharge together with extreme rainfall amount, which is 
comparable to the finding by Sophocleous and Perry (1985). The recharge induced by EP 
and non-EP showed similar magnitudes and patterns at both sites, with higher recharge 
when soil moisture was high. Recharge was negligible when soil moisture was less than 
200 mm at both sites, as even the highest TP95 was not sufficient to replenish the soil 
moisture. However, when EP fell, the maximum recharge was even higher at the dry site 
than the wet site, which is consistent with the greater percentage of annual recharge by 
EP. This finding indicates that no recharge occurs at the dry site until the AWC is 
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exceeded. But if so, more recharge occurs at the dry site than the wet site, which might be 
caused by the coarser soil texture. 
The greater percentage of annual recharge by EP at the dry site might be due to soil 
texture, which has a large impact on the responses of subsurface water flow to the 
precipitation inputs. In the western NHP, where sandy soil dominates, subsurface 
responses to high precipitation inputs could be rapid as the result of fast flow through 
larger non-capillary soil pores (Beven and Germann, 1982), which allows easier 
infiltration of EP. Surface runoff might be enhanced by the higher clay content in the soil 
in the eastern NHP where subsurface flow is slower. However, surface runoff was not 
considered as a significant component in this study due to its small amount (Figure 1.5).  
Evaluating the annual EP (Figure 1.8) in comparison to annual precipitation and 
annual non-EP (Figure 1.9) reveals that recharge is mostly associated with EP events. 
Increased EP does lead to enhanced recharge, but it also depends upon the duration of 
extreme rainfall, which is the precursor for increased soil water content. Future EP may 
be enhanced and extended by global climate change, because a warmer atmosphere can 
hold more moisture (Allen and Chapman, 2001; Seager et al., 2010; Giorgi et al., 2011). 
In drier regions, more EP events will probably not lead to more recharge, if they are 
separated with longer dry periods between precipitation events (Allen and Ingram, 2002).  
1.4.3 Limitations and Future Improvements 
Reducing water use, increasing irrigation efficiency, and adopting water-saving land-use 
practices are necessary to mitigate the depletion of groundwater (Guzzetti et al., 2008). 
Given existing withdrawal trends in the entire HPA, 30% of the groundwater has been 
pumped so far and another 39% will be depleted over the next 50 years, but recharge only 
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supplies 15% of current pumping and would take an average of 500-1300 years to refill 
the depleted aquifer (Steward et al., 2013). This depletion is not an issue in the NHP, 
which receives more recharge. However, in this study, water use efficiency of ecosystems 
and human-induced pumpage of groundwater were not considered. To evaluate the 
effects of the ecosystem dynamics and pumpage on groundwater recharge, a coupled 
surface-groundwater model is needed, which can simulate the water table dynamics as a 
function of recharge rates coupled with transient land use change and persistent 
groundwater extraction. The extent of the change in irrigated lands might not be 
accurately captured by the land use dataset used here, as all agricultural and pasture lands 
are assumed to be irrigated, which may not be the case. Estimates of irrigation extent 
through time can be added as an improvement to the SWB model in the future. 
This study also relies on a simplified model of the surface hydrology to estimate 
groundwater recharge, and the model structure can introduce errors in estimation of 
recharge. Firstly, interactions between surface water and groundwater are not simulated. 
The depth from the bottom of the root zone to the water table is also not considered. 
Modeled recharge is estimated as the water that crosses the bottom root zone boundary. 
In actuality, some of the water that crosses that boundary may go to aquifer recharge, but 
some of it may travel laterally to become river base-flow. Secondly, the SWB does not 
account for unsaturated-zone flow. Considering our study only focused on the effects of 
EP, the lateral unsaturated-zone flow is not as crucial as it would be for lower 
precipitation amounts. In addition, there is possibly a significant lag between the time 
when the SWB generates recharge and the time when that recharge actually reaches the 
water table (Westenbroek et al., 2010). In the model, recharge only occurs during rainfall 
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events when soil moisture exceeds the AWC. Consequently, as soon as the AWC is not 
exceeded, no recharge is simulated even though soil moisture could still be percolating 
down through the soil column to become recharge. Finally, The SWB model also does 
not account for sub-daily rainfall intensity. It uses a daily time step so it is unable to 
differentiate between high intensity very short storms and longer low intensity storms 
with regards to runoff potential. To reasonably route the infiltrated water to the water 
table, the SWB should be coupled with a model that simulates the unsaturated-zone flow, 
such as MODFLOW. 
1.5    Conclusions 
In this study, the effects of EP on groundwater recharge from 1950-2010 over the 
Northern High Plains Aquifer were simulated. A modeling approach was adopted to 
determine the reason for changes in groundwater recharge. The magnitude of EP 
increased in the eastern NHP region, during which the groundwater recharge also 
increased in the eastern NHP. Recharge was more sensitive to EP (especially in late 
spring and early summer), while it was less sensitive to variations in total rainfall or non-
EP. Specifically, 45.1% of annual precipitation occurred as EP and contributed 56.8% of 
annual total groundwater recharge in the eastern NHP, while 30.9% of annual 
precipitation occurred as EP, which contributed 62.5% of annual total groundwater 
recharge in the western NHP. In the eastern NHP, where soil moisture was higher, 
recharge was controlled by precipitation minus ET during EP events. In the western 
NHP, where soil moisture was lower, recharge was determined by the duration and 
magnitude of EP and antecedent soil moisture together, as EP increased soil water 
content before infiltrating to recharge the groundwater table. This study shows that 
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extreme precipitation plays a significant role in determining groundwater recharge over 
the Northern High Plains aquifer.  
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ABSTRACT 
Future drought with less frequent but more intense extreme precipitation is projected to 
increase with global climate change. This study specifically investigates the site-level 
effects of three sensitivity experiments, short-term drought, warming plus short-term 
drought, and long-term drought on ecosystem productivity followed by an extreme wet 
year in a tall-grass prairie in the Great Plains. A two-layer soil model is developed to 
replace the original single layer soil model in the TEM-HD terrestrial ecosystem model to 
better simulate surface hydrology. Based on the updated soil model, an “S” curve method 
is proposed to better partition soil available water for vegetation growth and so to better 
account for transpiration. The surface runoff is validated at the North Canadian 
Watershed by comparing to the USGS gauge station discharge data. The carbon and 
evapotranspiration (ET) are validated on two Ameriflux eddy covariance sites (ARC and 
WLR). The results show that the effects of long-term drought on ecosystem productivity 
might be detrimental at the ARC site due to N limitation. Compared to the long-term 
drought, the effects of short-term drought on ecosystem productivity are less negative, 
which suggests that ecosystems are resilient to short-term drought but not long-term 
drought in the southern Great Plains. This study also shows that carbon and nitrogen are 
preferentially allocated to the roots when warming occurs at both sites in the grassland in 
the Great Plains, which suggests that nutrient allocation of grassland ecosystems is 
significantly affected by extreme climate conditions.  
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2.1 Introduction 
As a result of global warming, general circulation models have predicted that there will 
be fewer but larger precipitation events, and the frequency of extreme precipitation 
events will also increase (Rogelj, 2013). Changes in climatic extremes are expected to 
have large and rapid impacts on ecological systems and corresponding services 
(Reichstein et al., 2013; Zscheischler et al., 2014). Accounting for 31–43% of the global 
terrestrial surface, grassland ecosystems play a significant role in the global carbon 
balance (White et al., 2000) and is the most sensitive ecosystem to climate changes (Guo, 
et al. 2016). Existing studies have suggested that individual precipitation events may have 
as important effect on productivity as the annual amount of precipitation in grassland 
ecosystems (Swemmer et al., 2007; Walter et al., 2012). Guo et al. (2016) studied the 
effects of different magnitude rainfall events on gross primary productivity (GPP) in a 
temperate grassland ecosystem in Inner Mongolia China, and their results show that the 
duration of the GPP response increases linearly with the size of precipitation events. 
Petrie et al. (2016) studied the sensitivity of carbon fluxes at eight sites in the Great 
Plains of the U.S. to precipitation variability and reported that grasslands in the western 
Great Plains were sensitive to precipitation at daily timescales, whereas eastern 
grasslands, which are less influenced by short-term variability in rainfall, were sensitive 
at monthly and seasonal timescales.  
Root biomass contributes more than half of the total plant biomass in grasslands (Hui 
and Jackson, 2006). However, how extreme climate changes root dynamics in grassland 
ecosystems remains largely unknown. Soil temperature and moisture are the two major 
environmental factors influencing root biomass. Thus, understanding the impacts of 
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precipitation (through controls of primary production inputs) and temperature (through 
controls of phenology) is important to project how grassland ecosystems will respond to 
future climate change. However, the interactive effects of temperature and moisture 
conditions on ecosystem functions, especially when they become more extreme, add 
another level of complexity. To examine how changes in precipitation influence 
allocation to roots under climate warming, Zhou et al. (2012) conducted experiments in a 
tall-grass prairie in Oklahoma and found that the lagged effects of extreme climate on 
root dynamics are important in assessing terrestrial carbon-cycle feedbacks to climate 
change. 
Knapp et al. (2015) reported that in regions where mean annual precipitation (MAP) 
exceeded 1000 mm, precipitation amounts in extreme wet and dry years differed from 
average years by 40% and 30%, respectively; in arid regions where MAP is less than 500 
mm, the magnitude of these deviations increased to greater than 60% for extreme dry 
years and to greater than 150% for wet years. Extreme wet years have multiple extreme 
daily precipitation events, while these events are rare in extreme dry years. However, 
extreme dry years are distinguished from average years by the increased number of dry 
days between precipitation events. The annual precipitation in the Great Plains has a 
south-to-north gradient, ranging from 1000 mm in the south to 300 mm in the north. 
More frequent and more severe precipitation events in this region are predicted to occur 
in the 21st century (Knapp et al., 2008).  
Evidence also suggests that the expected increase in frequency and magnitude of 
extreme weather events during climate change will alter ecosystem productivity (Jentsch 
and Beierkuhnlein, 2008). Ecosystem carbon allocation is highly sensitive to moisture 
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conditions. Therefore, extreme weather events might also be capable of changing C 
sequestration and allocation (Mirzaei et al., 2008). The studies cited above have only 
explored how ecosystems respond to single extreme climatic events and have not 
discussed the effects of consecutive extreme climates such as a heavy precipitation year 
followed by a drought year or vice versa. Peichl et al. (2012) studied how land use 
change affect nitrogen allocation in recently afforested grassland, but no significant 
change in total ecosystem N following afforestation was observed in their study. The 
redistribution of N and its role in maximizing the C allocation at canopy level was largely 
discussed (Field, 1983; Hirose and Werger, 1987). However, the effects of warming and 
drought on ecosystem level N allocation still remain unclear. In addition, despite the 
importance of belowground biomass, few studies have focused on the lag effects of an 
extreme event on roots in manipulative experiments, modeling studies, or observational 
studies (Zhou et al., 2012). Thus, it is important to understand how grassland vegetation 
distributes nutrients during consecutive extreme events and how many months lag effect 
of these climate events affect ecosystem nutrient allocation. I hypothesize that: (1) 
grassland ecosystems could recover productivity if an extreme wet year follows a short-
term drought period, (2) long-term drought would permanently damage grassland 
ecosystem due to the effects of N limitation, and (3) warming would increase root C and 
N allocation due to decreased soil moisture. 
2.2  Methodology 
2.2.1 Terrestrial Ecosystem Model (TEM-Hydro Daily Version) Description 
The Terrestrial Ecosystem Model (TEM) is widely used by ecosystem ecologists to study 
the interactions between ecosystem carbon and nitrogen fluxes and many environmental 
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changes including climate change, ozone damages, disturbances (natural and human-
induced), land use land cover change, and fire in many ecosystems such as temperate 
forest and grassland, boreal forest, tundra, and agriculture (Pan et al., 1996; Pan et al., 
1998; Zhuang et al., 2003; Felzer et al., 2004; Zhuang et al., 2004; Felzer et al., 2009; 
Felzer et al., 2011; Felzer, 2012; Felzer and Sahagian, 2014). TEM‐Hydro (Figure 2.1) 
was developed specifically to simulate carbon‐nitrogen‐water interactions through the 
role of stomatal conductance in transpiration and the uptake of CO2 and O3 (Felzer et al., 
2011).  
Vegetation carbon and nitrogen is partitioned into in leaves, active and inactive stem 
tissues (e.g., sapwood and heartwood), fine roots, and a labile pool for storage. Leaf area 
index (LAI) is calculated as the product of the leaf carbon and the biome‐dependent 
specific leaf area. Fluxes into and out of the pools include photosynthesis, nitrogen 
uptake, respiration (autotrophic and heterotrophic respiration), litter-fall, and allocation 
(leaf, stem, root, and seed). Each compartment, excepting the labile pool, has a plant 
functional type (PFT)‐dependent C:N ratio. In TEM-HD, canopy photosynthesis (or gross 
primary production, GPP) is based on a semi-empirical equation, which is based on 
limiting a maximum rate of carbon assimilation (Cmax) by factors of light, moisture, 
temperature, carbon dioxide, ozone, and nutrient availability. GPP determines how much 
carbon enters the labile (storage) pool (Figure 2.1). Then carbon in the labile 
compartment is allocated from the labile pool to the other structural components either to 
grow new tissue, or maintain existing tissue. Allocation of labile carbon and nitrogen 
resources is strongly based on a cost:benefit analysis performed at each time-step: it is 
desirable from a carbon standpoint for the plant to add leaves if the expected marginal 
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benefit (MB) exceeds the expected marginal cost (MC). In other words, the model seeks 
to determine whether an investment of carbon in producing new leaves will return more 
carbon to the labile pool than it consumes. Nitrogen allocation does not occur in the same 
proportions as carbon allocation due to the fact that the C:N of the different structural 
compartments are not identical. 
The hydrology is based on a simple one‐layer bucket model (Vörösmarty et al., 
1989). The Shuttleworth and Wallace (1985) approach is employed to determine 
evapotranspiration (ET). In order to capture the effects of climate extremes on ecosystem 
nutrient dynamics, a daily version of TEM-Hydro (TEM-HD) is developed. However, 
based on water balance, the original hydrology overestimates plant growth in arid 
grasslands by adding too much water into the single soil layer, which creates too much 
GPP, leading to higher ET. This problem is especially large during extreme wet years. 
Therefore, the original single-layer bucket soil model is updated with a two-layer soil 
hydrology model to better simulate surface runoff in arid grasslands.  
 
Figure 2.1 The framework of TEM-Hydro Model 
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2.2.2 Two-Layer-Soil Model Development (TEM-HD 2L) 
I use the original TEM-HD to test the effects of extreme precipitation on ecosystem 
productivity. The simulation results by the TEM-HD for 2007, the second largest wet 
year on record in Oklahoma (Dong et al., 2011), show that the annual GPP is around 
5000 gC/m
2
, which is too large for a temperate grassland. The annual ET is almost equal 
to the annual total precipitation, which indicates that almost the entire rainfall is being 
utilized by vegetation in the model. This outcome is unrealistic because extreme 
precipitation routing through surface runoff is not significant and plays a marginal role in 
terms of water balance in the original version of TEM-HD. Specifically, surface runoff is 
based on the water balance between daily precipitation and ET, rather than being 
calculated independently. The soil bucket in the model is 2.5 m deep, which absorbs all 
but the most extreme precipitation, such as precipitation greater than 100 mm. The soil 
available water for plants is highly overestimated by this problem, which is why 
vegetation growth is largely overestimated.  
A two-layer-soil model version of TEM-HD (TEM-HD 2L) (Figure 2.2) is built by 
referencing the Variable Infiltration Capacity (VIC) 2L model (Liang et al., 1996), which 
has been widely used in hydrological studies (Troy et al., 2008; Gao et al., 2010; Wang et 
al., 2012). In VIC, the saturated part of surface area creates surface runoff. The fraction 
of saturated surface area is calculated at each time step based on the ratio between 
maximum potential soil evaporation and actual soil evaporation. Next the initial variable 
infiltration capacity is determined by referencing the area fraction. Under this 
mechanism, surface runoff is allowed to change according to variable infiltration and 
precipitation intensity. Between the two soil layers, there is a drainage term transferring 
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water from the upper to the lower layer. At the bottom of the lower soil layer, water is 
lost by subsurface runoff (baseflow). 
 
Figure 2.2 The schematic of the updated two-layer soil model in TEM-HD 2L (referenced 
by the VIC model, (Liang et al., 1996)) 
In TEM-HD 2L, I add “surface runoff”, “baseflow” and “infiltration” terms to 
represent a 2-layer soil framework. The original water terms including soil moisture, 
available water, available water capacity, wilting point, and field capacity, are duplicated 
for both the upper and lower layers. The updated model calculates surface runoff first, 
and then soil moisture for the two layers is determined based on infiltration and drainage, 
respectively. I choose 0.3 m for the upper layer and 2.2 m for the lower layer. This 
mechanism guarantees that extra water is lost not going to the deep soil column but 
through surface runoff. ET is calculated based on soil moisture in both layers, with soil 
evaporation determined by soil resistance from the upper layer only. According to Wine 
and Zou (2012), streamflow only accounts for 15% of the annual precipitation in the 
Council Creek watershed in north-central Oklahoma. Therefore, I assume 50% of the 
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simulated baseflow to be groundwater recharge to deep soil layers and the remaining 
50% contributes to river discharge to match this percentage. 
The 0.3 m depth for the upper soil layer is determined by value commonly used in 
the VIC model (Troy, personal communication). In reality the depth of the upper soil 
layer can vary from 0.2 m or 0.5 m to control surface runoff and drainage, because 
changing the depth of the upper soil layer can affect the maximum water holding 
capacity. However, the pore size distribution index parameter (bp), which is one of the 
five hydrological calibration parameters in the original VIC model, can control the 
infiltration rate from the upper soil layer to the lower soil layer. According to my 
experiments, the infiltration rate will be largely changed by adjusting bp, which will 
affect the surface runoff and soil moisture in the lower soil layer. Therefore, adjusting the 
bp parameter can proxy for using different depths to estimate surface runoff. 
Furthermore, calibration of the bp parameter is still necessary if choosing a new depth. 
Therefore to avoid redundancy, the bp parameter can be adjusted as long as the depth of 
the upper soil layer is not far off. 
2.2.3 Introduction of “S” Curve Method 
Using water from only the upper layer to estimate ET is limiting because it is more 
sensitive to precipitation events and drought conditions. Accessing water from only the 
lower layer does not simulate the variability of extreme precipitation events because the 
soil moisture in the lower layer is buffered from environmental variability. It is therefore 
necessary to use water from both layers. But in TEM-HD, rooting depth exists throughout 
the entire soil column and does not allow for variations in water-accessing abilities. 
Therefore, using soil water uniformly from both soil layers is not realistic and does not 
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provide reasonable GPP and ET. I therefore design a new approach to allow for dynamic 
water accessing for GPP without adding extra model variables: an “S” curve method.  
In TEM-HD, water stress on GPP is achieved by converting available soil water to a 
factor ranging from 0-1. This “S” curve method is used to determine a weighting factor 
for both layers, in terms of how much soil water is contributing to the vegetation growth 
(Figure 2.3). This mechanism keeps tracks of the upper layer soil moisture and calculates 
the weighting factor based on a power function: 
                ⁄
 
   
where   is the weighting for the upper layer,    is the soil moisture of the upper 
layer,       is the maximum soil moisture of the upper layer, and a (equals to 6) 
and b (equals to 3) are power function exponents.  
 
Figure 2.3 The “S”-curve method for weighting the soil available water for the two soil 
layers 
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Power laws are often used in modeling to fit data, using the exponent as a calibration 
parameter.  For example, the equation used by Schaap and Van Genuchten (2006) to 
represent the unsaturated hydraulic conductivity, K, in terms of the saturated hydraulic 
conductivity, Ks, and a factor, as a function of effective saturation Se; both Se and the 
factor go from 0 to 1 as Se goes from 0 to 1. 
         
         
   
     
This formulation assumes a relationship between the (here 1/m and m) to introduce 
only one additional parameter to be used in calibration, and has a third exponent (2).  The 
current formulation uses exponents a and b, which introduces two parameters that can be 
used to adjust the amount of water taken from each layer as a function of soil moisture 
(mm) in the upper layer. 
During drought periods, soil moisture in the upper layer is low, resulting in a small 
weighting factor, and so contributes less to vegetation growth. On the other hand, the 
weighting of the lower layer, which is 1-K, is high, which allows the lower soil layer to 
contribute to GPP. When soil moisture is at or smaller than the wilting point, the 
weighting factor of the upper layer is 0, and the weighting for the lower layer is 1, 
indicating GPP is calculated only from the lower layer available soil water. When soil 
moisture is between wilting point and field capacity, the weighting for both layers 
follows a non-linear relationship, depicted by this “S” curve. Depending on the surface 
layer wetness, soil moisture from both layers is now used for the water stress calculation.  
In the original water balance calculation, plant transpiration is directly subtracted 
from the soil moisture. However, with the two-layer model, the water for plant growth is 
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not fully capturing the moisture conditions due to the transfer by drainage between the 
upper and lower layers. If plant available water is only from one or both layers, soil 
moisture is not being determined in a realistic way, which will affect the GPP. Thus the 
transpiration in the TEM-HD 2L is partitioned by the “S” curve as well. 
2.2.4 Model Calibration 
The surface runoff by the updated two-layer soil model is validated at the North Canadian 
watershed in Oklahoma (Figure 2.4). The North Canadian watershed is the upper stream 
of the USGS gauge site in El Reno where the ARM Southern Great Plains control eddy 
covariance site is located. The total area of the watershed is 4813 km
2
. I use the monthly 
river discharge data from both El Reno (N 35°33'47", W97°57'26") and Woodward 
(N 36°26'12", W 99°16'41") USGS gauge stations (Figure 2.4). Because there is a water 
reservoir between the El Reno and Woodward stations that may affect the water routing, I 
used the runoff ratio to validate the simulated runoff based on the following equation:  
      
 
 
 
where,    is the monthly runoff in the North Canadian watershed,    is the monthly 
precipitation in the North Canadian watershed,   is the recorded monthly discharge 
and   is the monthly gridded precipitation.  
The TEM-HD 2L is then run using climate and environmental data for the 30 grids 
encompassing the North Canadian watershed, which covers 5787 km
2
, and the simulated 
surface runoff is compared to the measured discharge data.  
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Figure 2.4 Spatial locations of the USGS gauge stations at El Reno and Woodward, North 
Canadian Watershed and its upper stream watershed 
There is a two-step process to calibrate discharge. First, we choose ranges for the 
five hydraulic parameters, bp, bi, dm, ds, and ws (Table 2.1). Considering ws is greater 
than or equal to ds, I limit the value of ds to be less than ws if the condition is met.  
Table 2.1 The information of the five hydrological parameters 
Parameters Meaning Range  Final Value 
bp (unitless) 
The pore size 
distribution index 
(0.001, 0.005, 0.01, 0.1, 0.4) 0.3 
Bi (unitless) 
Infiltration shape 
parameter 
(0.005, 0.008, 0.01, 0.1, 0.5) 0.5 
dm (mm/day) 
The maximum 
subsurface flow 
(2.0, 10.0, 24.0, 36.0, 50.0) 2.2 
Ds (unitless) 
A fraction of maximum 
subsurface flow 
(0.1, 0.3, 0.5, 0.7) 0.1 
Ws (unitless) 
A fraction of maximum 
soil moisture of layer 2 
(0.3, 0.5, 0.7, 0.96) 0.7 
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I develop a “parallel” version of TEM-HD 2L to allow for multiple job submissions 
simultaneously. Then I run TEM-HD 2L on the 30 grid of the North Canadian Watershed 
using around 2000 combinations of these four parameters from 2001 to 2007. With some 
combinations, some of the grids cannot run successfully for all of the 7 years. I treat those 
combinations as invalid parameter sets and ignore the results. Then, this process is 
repeated as necessary by fixing the value for some parameters and choosing finer or 
different ranges for other parameters according to the simulation performance. By adding 
surface runoff and baseflow, I calculate monthly spatial average discharges with the 
select combination of parameter sets and compare them to the USGS discharge data from 
2001-2007. The best set is determined by the smallest root mean square error (RMSE), 
which is 8.0 mm/month.  
Overall, the simulated river discharge has a comparable trend to the observed river 
discharge. Simple linear regression is done between the simulated and observed monthly 
river discharges with slope = 1.593 and R
2
 = 0.67 (Figure 2.5). Although there is a small 
positive bias, the general trends show that river discharge simulated by TEM-HD 2L is 
comparable. In addition, the main land use land cover in the North Canadian watershed is 
cropland (Figure S2.1). However, the land cover type is assumed to be tall-grass prairie 
in this validation exercise. Consequently, TEM-HD 2L does not consider irrigation 
extraction from the groundwater reservoir. Groundwater irrigation is a very common 
agricultural practice in the Great Plains area (Dennehy et al., 2002; Gurdak et al., 2011; 
Döll et al., 2012).  As a result, the observed river discharge may be the net discharge after 
irrigation extraction, which would further reduce the high bias in TEM-HD 2L. The final 
optimal values for bp, bi, dm, ds, and ws are 0.3, 0.5, 2.2, 0.1, and 0.7, respectively 
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(Table 2.1). TEM-HD 2L was run with and without recalibration of carbon and nitrogen 
on the North Canadian watershed using the best set of the five hydrological parameters. 
The RMSE between the simulated river discharge and the measured discharge are about 
the same for these two test runs. That means while the water affects the carbon, the 
carbon does not have a big effect on the water, so it may actually be valid to test the VIC 
parameters without recalibrating TEM and then  recalibrate TEM afterwards to accurately 
determine the carbon, but only slightly tweak the water. 
 
Figure 2.5 Time series of monthly simulated and observed river discharge in the North 
Canadian watershed, 2001-2007 (unit is in mm). Linear regression between the simulated 
and observed monthly river discharge fitting with ordinary least squares (OLS) indicating 
the correlation. 
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Besides calibration of the hydrological model, the biogeochemistry of TEM-HD 2L 
is also calibrated, and will be indirectly affected by the water. This calibration is based on 
target values of carbon and nitrogen stocks and fluxes from well-studied sites. Calibration 
determines parameters for the primary fluxes including the coefficients of the carbon and 
nitrogen fluxes (GPP, plant nitrogen uptake, net nitrogen mineralization, autotrophic 
respiration, heterotrophic respiration), and so scales the functional dependencies for the 
particular target biomes.  
In TEM-HD, grasslands are calibrated from the Konza Prairie tall grassland in 
Kansas (Johnson and Matchett, 2001; Owensby et al., 1999; Williams et al., 2004), which 
is a C4 grassland. However, C3 and C4 plants both exist in Oklahoma. Therefore, I 
redesign the calibration values by referencing a site-specific and more updated study by 
Xu et al. (2013), which measures aboveground and belowground net primary 
productivity in 2010 and 2011 based on a tall-grass prairie in central Oklahoma. The new 
annual net primary productivity (NPP) target value, 740 gC/m
2
, is calculated as the 
average of the control samples in 2010 and 2011. Because there are no values for GPP 
from this site, I assume the NPP is half of the GPP. 
2.2.5 Experiment Design 
Three experiments (Table 2.2) are designed to explore how the effects of warming and 
drought affect tall-grass prairie root and leaf carbon and nitrogen allocation. All of these 
experiments are run from 2001 to 2010 with static vegetation cover (tall-grass prairie). 
The main temporal focus of all the experiments is from 2005-2007, because 2005-2006 is 
a dry period, with only 60% of long-term average precipitation and 2007 is a wet period, 
with 150% of average precipitation. The first experiment, short-term drought (D), uses 
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the realistic historical temperature and precipitation data, which can be treated as a 
control run. The second experiment warming plus drought (WD, +2°C and original P) 
adds two degrees (°C) to the temperature for each day of 2005 and 2006 with the original 
precipitation over the growing seasons. The last scenario, long-term drought (LD), halves 
the daily precipitation from 2001 to 2004 and uses original precipitation from 2005 to 
2010. This experiment provides an extended drought prior to 2005. These extreme 
climate scenarios are not meant to depict accurate historical climate extremes, but are 
designed to explore the roles of warming, drought, and their interactions in determining 
grassland ecosystem functions if followed by an extreme wet year. 
Table 2.2 Experimental Design 
Scenario Manipulation  Period of Manipulation 
Drought (D) Original T and P Control 
Warming+Drought (WD) T+2°C and Original P 2005-2006 
Long-term Drought (LD) Original T and Half P 2001-2004 
2.3 Results 
2.3.1 Model Validation 
To validate GPP and ET, I adopt monthly level-4 eddy covariance data of two Ameriflux 
sites (Figure S2.2), ARM Southern Great Plains control site (ARC, N 35.5465, W 
98.0400) and Walnut River Watershed (WLR, N37.5208, W96.8550) in the southern 
Great Plains (http://ameriflux.lbl.gov/). The dominant grassland types at both sites are 
Schizachyrium halapense (Michx.) Nash. (little bluestem) and Andropogon gerardi 
Vitman (big bluestem).  
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At the ARC site, monthly correlation between the observed and simulated GPP is R
2
 
= 0.76 (Figure 2.6a). The simulated annual GPP is 756 and 1295 gC/m
2
 in 2005 and 
2006, which is consistent with the annual eddy covariance GPP, 863 and 1323 gC/m
2
, 
respectively. The simulated annual evapotranspiration (ET) is 793 and 756 mm in 2005 
and 2006, which is consistent with eddy covariance ET, 794 and 648 mm, respectively. A 
strong correlation of R
2
 = 0.84 exists between the observed and simulated ET (Figure 
2.6b). At the WLR site, the correlation between observed and simulated GPP is R
2
 = 0.75 
(Figure 2.6c). Annual simulated GPP is 827, 1036, and 1201 gC/m
2
 in 2002, 2003, and 
2004, which is generally consistent with eddy covariance GPP (950, 1089, and 1586 
gC/m
2
), though too low in 2004. The annual simulated 682, 695, and 681 mm in 2002, 
2003, and 2004, respectively, which is the same magnitude as eddy covariance ET, 593, 
620, and 703 mm, for these three years. The correlation between observed and modeled 
ET is R
2
 = 0.81 (Figure 2.6d). In general, these results show that TEM-HD 2L models 
GPP and ET reasonably to the measured values. 
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Figure 2.6 Validation of monthly simulated GPP and ET with eddy covariance 
observations at the ARC (2005-2006) and WLR sites (2002-2004)  
2.3.2 Sensitivity Effects on Ecosystem Gross Primary Production (GPP) 
Overall, ecosystem GPP varies from 2005 to 2007. At the ARC site, the drought scenario 
(D) shows higher GPP in the growing season in 2007 than earlier years (Figure 2.7).  
Compared to the D scenario, the warming plus drought (WD) scenario shows similar 
GPP in 2007. However, GPP under the WD experiment is less than the D scenario in the 
late growing season in 2006. Under the long-term drought scenario (LD), GPP is 
consistently low from 2005 to 2007 (Figure 2.7). At the WLR site, the overall effects of 
the WD and D scenarios on GPP are similar to the ARC site (Figure 2.7). However, 
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under the LD scenario, GPP is higher in 2005, smaller in 2006, and is comparable in 
2007, to the other two scenarios at the WLR site (Figure 2.7). 
 
Figure 2.7 GPP for sensitivity experiments at the ARC and WLR sites from 2005 to 2007 
2.3.3 Response of Sensitivity Experiments on Labile C & N Availability 
Labile C and N are the main sources for allocation to roots and leaves, as governed by 
GPP. At the ARC site, increasing labile C:N starts in July and ends in December of 2007 
under the control (D) and warming plus drought (WD) scenarios (Figure 2.8a). However, 
the long-term drought (LD) shows much larger labile C:N in the growing seasons in 2006 
and 2007 with an average value of 7296 (Figure 2.8a). At the WLR site, the LD scenario 
has much lower labile C:N than at the ARC site (Figure 2.8b). At both sites, the WD has 
consistently lower labile C:N than the D scenario (Figure 2.8b).  
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Figure 2.8 Labile C:N by TEM-HD for sensitivity experiments from 2005-2007 at the 
ARC and WLR sites. The second y axis of the upper panel is for the LD experiment, 
because the numbers are much larger than the other experiments. The missing data points 
refer to zero labile N. 
2.3.4 Effects of Sensitivity Experiments on Root and Leaf C & N Allocation 
Overall, plants actively allocate C to structural components from April to October and C 
allocation to roots and leaves are the highest in 2007 at both sites (Figure 2.9&10). At the 
ARC site, the effect of warming plus drought (WD) is larger than drought alone for C 
allocation to roots in 2006 and 2007. Under the long-term drought scenario (LD), C 
allocation to roots and leaves is small, compared to the control (D) scenario (Figure 2.9 
a&b). At the WLR site, the overall effect of D and WD scenarios on C allocation is 
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similar to the ARC site (Figure 2.9 c&d). Contrary to the ARC site, C allocation to roots 
and leaves is much larger from 2005 to 2007 under the LD scenario (Figure 2.9 c&d). 
 
Figure 2.9 Carbon allocation to roots and leaf for sensitivity experiments from 2005 to 
2007 at the ARC and WLR sites (unit is in gC/m
2
) 
N allocation to roots and leaves is parallel to the C allocation. At the ARC site, the 
control scenario (D) shows N allocation to roots (Figure 2.10) consistent with C 
allocation in all years (Figure 2.9). However, N allocation to roots and leaves shuts down 
in June of 2006 under the warming plus drought (WD) scenarios, which is five months 
earlier than C allocation (Figure 2.10 a&b). The long-term drought (LD) experiment 
shows the lowest leaf N allocation overall (Figure 2.10 a&b). In 2007 when precipitation 
is sufficient, the N allocation to leaves or roots under the LD scenario does not show 
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recovery (Figure 2.10 a&b). At the WLR site, in 2006, the D scenario shows the highest 
leaf N allocation in April and shuts down leaf N allocation in October (Figure 2.10 d). In 
contrast, the WD experiment maintains leaf N allocation until August in 2006 (Figure 
2.10 d). Under the long-term drought (LD) scenario, N allocation to the two structural 
pools is similar to the other two scenarios in 2006 and 2007 (Figure 2.9&10). 
 
Figure 2.10 Nitrogen allocation to roots and leaves under sensitivity experiment from 
2005 to 2007 at the ARC and WLR sites (unit is in gN/m
2
) 
2.4 Discussion 
2.4.1 The Effects of Short-term versus Long-term Drought on Ecosystem Stability 
The tall-grass prairie ecosystem in the central U.S. is resilient to short-term drought but 
not to long-term drought (Hoover et al., 2014). Our results indicate a similar pattern by 
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showing that an extreme wet year can recover tall-grass prairie GPP after a short-term 
drought. At both the ARC and WLR sites, C and N allocation to the vegetation structural 
components are higher in the 2007 when precipitation is sufficient than in 2005-2006 
when short-term drought occurs (Figure 2.7). 
However, under the long-term drought (LD) experiment, the GPP at the ARC site is 
much smaller than at the WLR site (Figure 2.7), which indicates that ecosystem 
functioning at the ARC site is not resilient to extreme drought (Figure S2.3). The amount 
of labile N at the WLR site is much larger than at the ARC site from 2005 to 2007, 
resulting in much lower labile C:N at the WLR site (Figure 2.8), eliminating N limitation 
conditions.  
At the ARC site, the warmer climate by 2 °C (MAT, mean annual temperature = 
15.72 °C) causes higher decomposition leading to higher N mineralization in 2005 and 
2006 (Figure 2.11). However, a low N demand for the vegetation structural pools is 
created by the experimental long-term drought (LD) due to the insignificant GPP between 
2001 and 2005 (Figure S2.3). Therefore, the smaller N demand and high N mineralization 
together stimulate N loss by denitrification in the TEM-HD model (Figure 2.12), which 
largely depletes available N (Figure 2.13) for the following years and so limits vegetation 
N uptake (Figure 2.14). Consequently, the ecosystem becomes N-limited at the ARC site. 
Even though precipitation recovers in 2007, there is not sufficient available N for 
ecosystem recovery due to the extreme denitrification prior to 2007 (Figure 2.11). Thus 
the grassland ecosystem functioning at the ARC site is largely damaged by long-term 
drought. However, at the WLR site, vegetation can recover in 2007 when precipitation 
becomes sufficient. The reason is that soil N is more available under the LD scenario at 
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the WLR site (Figure 2.13) due to less denitrification (Figure 2.12), which is probably 
caused by larger N demand for leaves and roots. Prior to 2005, the GPP at the WLR site 
is larger than at the ARC site, which indicates the long-term drought plays only a small 
role in determining ecosystem productivity at the WLR site, probably due to its cooler 
climate (MAT=13.52 °C). A 2-9 years of experimental warming in the range 0.3–6.0°C 
significantly increases N mineralization rates in tundra, grassland, and forest biomes 
(Rustad et al., 2001), which may be an explanation for our modeling results. 
 
Figure 2.11 N mineralization by TEM for sensitivity experiments from 2005-2007 at the 
ARC and WLR sites 
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Figure 2.12 N loss by TEM for sensitivity experiments from 2005-2007 at the ARC and 
WLR sites 
 
Figure 2.13 Available N by TEM for sensitivity experiments from 2005-2007 at the ARC 
and WLR sites 
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Figure 2.14 Vegetation N uptake by TEM for sensitivity experiments from 2005-2007 at 
the ARC and WLR sites 
Evans et al. (2011) conducted an 11-year drought experiment in a semi-arid short-
grass steppe in Colorado and found large reductions in total cover of the dominant 
species due to the experimental drought. Each additional species lost from grasslands had 
a progressively greater impact on drought resistance (Tilman and Downing, 1996). 
Species turnover can be expected following an extreme drought and intraspecific 
variability can be a more important driver of the short-term functional response of plant 
communities to drought (Jung et al., 2014). Our modeling results suggest that the 
southern tall-grass prairie with a warmer climate regime might be more sensitive and less 
resilient to extreme drought than the northern tall-grass prairie in the Great Plains. 
Species composition may change following long-term drought, which may maintain the 
ecosystem stability. However, in the TEM-HD 2L, individual species or community types 
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are not modeled. Future modeling can focus on interaction between C3 and C4 grass 
species. 
2.4.2 The Effects of Warming and Drought on C & N Allocation 
Warming and drought increases root C allocation and slightly decreases leaf C allocation 
during the growing season in 2006 at both sites (Figure 2.9). Using 
14
C, Sanaullah et al. 
(2012) show that drought forces grassland to transfer a relatively larger portion of carbon 
to roots compared to times when they are not moisture limited. It is likely that the 
allocation to roots decreases as soil resources become more available (Dukes et al., 
2005). The increases in root C allocation in the growing season of 2006 is attributed to 
less soil moisture (Figure 2.15) caused by slightly higher ET rates under warming 
conditions (Figure 2.16). According to Rustad et al. (2001), decreased soil water 
availability due to enhanced evapotranspiration under warming conditions can increase 
the proportional carbon allocation toward roots to facilitate plant water uptake, and thus 
limiting allocation to leaves. The benefit of allocating C to leaves is small if drought 
occurs, so there is little carbon allocation to leaves under those circumstances. Besides, 
root allocation is less dependent upon water stress than leaf allocation in TEM-HD 2L, 
leading to a higher fraction of root C than leaf C under moisture-limited conditions. As a 
result, the benefit of allocating C to roots is larger than the benefit of allocating to leaves, 
if drought and warming co-occur (Figure 2.9). 
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Figure 2.15 Soil moisture in the lower layer soil at the ARC and WLR sites from 2005 to 
2007 
When precipitation is high enough to increase soil moisture, water stress conditions 
are alleviated, which allows for more C allocation to leaves (Figure 2.9). When soil 
available water is high, grassland vegetation tends to utilize as much water for growth 
and production. Zhou et al. (2012) find strong lagged effects of warming on root 
dynamics in the tall-grass prairie, although little impact when drought is observed. Our 
study shows that during the growing seasons (later March to early October) when 
precipitation recovers, C and N allocation to leaves shows longer duration than when 
precipitation is insufficient under the control (D) and warming plus drought (WD) 
experiments at both sites (Figure 2.9&10). The differences in N allocation to leaves 
between the D and the WD experiments are small at the WLR site (Figure 2.10). 
Therefore, C and N allocation to leaves may be more sensitive to moisture than to 
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temperature changes in grassland ecosystems. However, our study does not differentiate 
C3 from C4 plants within a single simulation grid, which may be tested in the future. 
 
Figure 2.16 Evapotranspiration (ET) by TEM under different sensitivity experiments at 
the ARC and WLR sites from 2005 to 2007 
In addition, this study does not observe significant lag effects of drought or warming 
on C or N allocation (Figure 2.9&10). The growing season at both sites does not start 
until late March to early April. In other words, early spring precipitation recovery (Figure 
2.17) may alleviate water stress before the growing season in 2007, which creates an 
ideal soil environment for vegetation growth. Based on the experiments by Mirzaei et al. 
(2008), C sequestration can be enhanced after a short-term drought event, probably due to 
plant-compensatory growth effects that change resource allocation between vegetative 
and reproductive growth, which corresponds to our modeling results. 
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Figure 2.17 The monthly temperature and precipitation at the ARC and WLR sites in 
2006 and 2007 
2.4.3 Future Work 
Modification of the single layer soil model in TEM-HD to a two-layer model 
significantly decreases vegetation growth when precipitation is above the long-term 
average. However, balancing soil water hydrology with vegetation C and N cycling is 
still necessary to reduce model uncertainty and to increase model stability. Firstly, 
interactions between soil hydrology and vegetation growth can be more complex. For 
example, a partition between lateral fine roots and deep tap roots may better simulate the 
water accessing ability and improve the water dynamics quantification (Pan et al., 1998; 
Pan et al., 2002). Secondly, the water interactions between the two soil layers highly 
influences vegetation C and N cycles. In actuality, spatial heterogeneities of soil and 
climate regimes over the North Canadian watershed may be high, which means that the 
hydraulic parameters may not be applicable for a large area. Considering our study 
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mainly focuses on site level C and N cycling, the simplified hydraulic parameters are not 
as crucial as they would be when modeling over a larger region. Exploring interactions 
between climate dynamics and ecosystem functions necessitates adding one more soil 
layer to better simulate hydrology. In future studies, more improvements to routing the 
infiltrated water to the soil layers and surface runoff can be incorporated to create a three-
layer soil model for TEM-HD, so that both surface and below-ground hydrology can be 
better simulated.  
According to our results, denitrification plays a significant role in determining the 
ecosystem stability at the ARC site when long-term drought occurs. However, in our 
TEM-HD model, denitrification is not mechanistic but is dependent upon an empirical 
calibration parameter. This simplification may overestimate denitrification for grassland 
ecosystems, because soil microbial responses to warming play a significant role in 
ecosystem functioning (Xue et al., 2016) and the feedbacks of ecosystem to climate 
(Zhang et al., 2005; Belay-Tedla et al., 2009). Future work can incorporate microbial and 
enzymatic processes in TEM-HD (He et al., 2015; Wieder et al., 2015). 
Calibration is another issue that needs to be revisited. I was unable to couple 
calibration of the hydrology and carbon models because of the manual and time-
consuming calibration of the carbon model. Some advanced techniques for calibration 
such as Baysian models (Tang and Zhuang, 2009) can be applied in the future studies as 
well. 
The current two-layer model is overestimating river discharge due to the 
overestimated base-flow. Considering the depth of the lower soil layer is 2.2 m, the soil 
moisture in this layer may be high for baseflow estimation. Therefore, if a third layer is 
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added to represent a deep groundwater reservoir, then the soil moisture in the second 
layer can be drained into the third layer, and thus reduce the base-flow from the second 
layer. Then the baseflow of the third layer can be set to a constant, which will not affect 
river discharge, because the river discharge is assumed to be only from shallow soil 
layers. As a result, the third layer baseflow can be treated as the deep saturated zone flow. 
Cropland irrigation would be only from the third layer, representing deep groundwater 
extraction. The extracted water would be added to the surface and would follow the same 
hydrological and ecological processes as precipitation. Theoretically, some extracted 
water from the third layer will eventually return to the third layer; however, the amount 
would depend on the drought severity. This improvement would allow the model to more 
realistically simulate hydrologic dynamics of croplands.    
2.5 Conclusion 
In this study, the effects of short-term drought, warming plus drought, and long-term 
drought on grassland C allocation in the Great Plains are simulated. A modeling approach 
is adopted to determine the reason for changes in C and N allocation to roots and leaves. 
This study applies two original contributions to the modeling frame work: (1): a two-
layer soil model based on VIC is developed to better simulate surface runoff and estimate 
ecosystem productivity; (2), an “S” curve method is developed to simulate rooting depth 
in terms of accessing soil available water for plant growth, which improves model 
accuracy and facilitates biomass balance between aboveground and belowground 
vegetation components. The validation shows that model performance in estimating 
ecosystem productivity and evapotranspiration is significantly improved. The results of 
these three scenarios show that more carbon and nitrogen are allocated to roots when 
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warming and drought occur in grassland ecosystems in the Great Plains. The effects of 
long-term drought on ecosystem productivity are modeled to be detrimental at the ARC 
site due to N limitation, which is caused by too much denitrification. The effects of short-
term drought on ecosystem productivity are less negative, compared to the long-term 
drought, which suggests that ecosystems are more resilient to short-term drought in the 
southern Great Plains. 
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ABSTRACT 
Climate extremes have important implications for ecosystem stability and services. 
Spatiotemporal identification of climate extremes is a crucial step for understanding its 
dynamics in a warming climate. Current approaches of extreme temperature detection are 
usually based on fixed thresholds or time-varying percentiles, which may influence the 
detection results by using different sampling-windows at various time scales such as 
annual versus monthly. In this study, a set of functional data analytic approaches were 
applied to reconstruct missing climate data and assess the spatiotemporal patterns and 
dynamics of extreme temperatures in California at both the climate zone and weather 
station scales. The results show that, at the climate zone scale, Acata experienced 
extremely hot days over the summer and Mount Shasta had extreme hot days during both 
early spring and summer in the year 2006. At the weather station scale, extremely high 
minimum and maximum temperatures (Tmin and Tmax) increased in California in the 
most recent 15 years, and extremely low Tmin decreased in a number of stations from 
southern California, implying that southern California may be more sensitive to extreme 
temperature events compared to northern and central California. On the other hand, the 
number of stations showing extremely low Tmax increased. Our results demonstrate that 
the range of daytime temperatures have increased, while nights have gotten higher. Our 
study provides useful insights for managing agriculture, planning energy consumption, 
and understanding effects of the ongoing drought in California. 
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3.1     Introduction 
Climate extremes, including heat waves, droughts, and storms, have been increasing as 
atmospheric CO2 levels have risen (Alexander et al., 2006; Field, 2012; Zscheischler et 
al., 2014). Currently, a severe drought in California, the largest economic and agricultural 
state in the United States, is ongoing and threatens its wealth, which is largely a result of 
its abundant natural resources and pleasant climate (Griffin and Anchukaitis, 2014). 
While the ongoing drought in California is being studied and discussed widely, the role 
of extreme temperature is still not fully understood. The frequency, magnitude, and 
duration of the drought in California are being influenced by anthropogenic climate 
change and the risk of the drought is increased by the co-occurrence of dry years with 
warm years (Diffenbaugh et al., 2015), which emphasizes that higher temperatures may 
play a significant role in enhancing overall drought intensity. Co-occurrence of heat and 
drought has occurred in Europe as well (Fischer et al., 2007). The magnitude of 
anthropogenic influence on heat and drought for other regions of the world has also been 
estimated (King et al., 2014). The timing and availability of snowmelt is affected by local 
air temperature increases in the western United States, which amplifies the demand for 
water during the summer and fall, exacerbating the impacts of water deficits associated 
with the current drought (Funk et al., 2014). As the drought is getting worse, it is 
important to understand how extreme temperature events spatiotemporally changed in 
recent decades, to help untangle the drought mechanisms. 
In California, several existing studies have explored heat waves and extreme 
temperatures by using “traditional” extreme temperature detection approaches (Miller et 
al., 2008; Gershunov et al., 2009; Mastrandrea et al., 2011), which have been widely 
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used in the extreme climate studies (Bartholy and Pongrácz, 2007; Min et al., 2013). 
These extreme temperature indices are mostly based on statistical percentiles calculated 
from different time scales such as annual, seasonal, or monthly time periods (Zhang et 
al., 2005; Zhang et al., 2011). They may introduce extra uncertainty in the detection of 
extreme climate events. For example, indices defined by using sampling moving-
windows of different sizes give different results for extreme climate detection (Zhang et 
al., 2005). Furthermore, defining indices across a large area with a broad range of climate 
regimes is usually difficult (Zhang et al., 2011) because of the large spatial 
inhomogeneity. Avoiding spatial inhomogeneity is critical in the application of 
percentile-based indices of temperature extremes (Zhang et al., 2005). In addition, these 
traditional methods for extreme temperature detection usually do not consider local 
climate regimes and are isolated from ecosystem services (Niu et al., 2014). These 
methods are less region specific, especially for small areas with heterogeneous climate. 
Besides defining the indices of extreme temperature, missing meteorological data 
impedes detection of extreme temperature events. Furthermore, the climate indices are 
sensitive to missing data (Haylock et al., 2006). In published studies, missing climate 
data are simply ignored to maintain high data quality (Griffiths et al., 2005; Déqué, 2007) 
or replaced by mean values based upon the same seasons of other time periods or 
neighboring weather stations in the same time period (Xu et al., 2013), which may reduce 
the accuracy and quality of the data. Other methods of missing climate data imputation 
are rare and are dependent on statistical regression (Acock and Pachepsky, 2000; Feng et 
al., 2004; Hubbard et al., 2005; You and Hubbard, 2006), which has high data 
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requirement. Other methods, which recover the daily dynamics of temperature data, have 
not been proposed or adopted by the climate community yet. 
The aim of our study is to impute missing temperature data to avoid data waste and 
to maintain the high data quality by applying the functional Principle Component 
Analysis approach (Ramsay and Dalzell, 1991; Rice and Silverman, 1991), and 
additionally, to detect both the extreme daytime and nighttime temperatures in California 
using the functional boxplot method proposed by Sun and Genton (2011). Our focus is 
based on two spatial scales, on climate zones in which daily temperature is recorded from 
all stations from 1950-2014, and on weather stations which use the average daily 
temperature of two 15-year periods, 1985-1999 and 2000-2014. Our results are compared 
with other studies addressing extreme temperature dynamics in California. The following 
questions are addressed: Have extreme daytime and nighttime temperatures occurred in 
the California climate over the past 65 years? Which climate zones have extreme 
temperatures? Do the dynamics of extreme temperature change through time? Do 
extreme hot/cold days and nights have the same trends? Are the dynamics spatially 
homogeneous?  
3.2     Data and Methods 
 
3.2.1 Meteorological Data and Climate Zones 
Daily maximum (Tmax) and minimum (Tmin) temperature data from 1950-2014 in 
California are downloaded from the USHCN database (Menne et al., 2015). Stations with 
no data were skipped. The final number of weather stations used (with data gaps) is 
 104 
1,205. The R GhcnDaily package (Mosher, 2012) was used just to download and format 
the daily temperature data. 
We used the climate zone map defined by the California Energy Commission (2015) 
to partition California into 16 climate zones (Figure 3.1). Since the climate zones of 
China Lake and Mount Shasta 
have a large latitudinal span, we 
further split Mount Shasta and 
China Lake into three (Mount 
Shasta 01, 02, and 03) and two 
(China Lake 01 and 02) sub-
climate zones. Weather stations 
within the same climate zone 
are assumed to have the same 
climate features. The first 
purpose of using climate zones 
is for the missing data 
imputation process because all 
weather stations in the same 
climate zone are assumed to 
follow the same statistical 
distribution. Secondly, we aim to 
see which climate zone had 
extreme temperature events. 
Figure 3.1 Partition of climate zones (California 
Energy Emission) and weather stations distributed 
in California. Mount Shasta and China Lake are 
partitioned into three and two sub zones, 
respectively. 
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Thirdly, we used temperature data of each weather station within the same climate zone 
to detect extreme temperature events at a local scale. In other words, stations are defined 
as “outliers” by comparing them with other stations within the same zone. This strategy 
allows us to avoid the problem of latitudinal differences which have large impacts on the 
temperature seasonality.  
3.2.2 Missing Data Imputation 
In order to investigate the detection of extreme temperature on the diurnal timescale, we 
need to impute daily data instead of using annual average data. For the imputation of 
missing temperature data, functional principal component analysis (FPCA) is adopted in 
this study. FPCA, as an extension of conventional Principal Component Analysis to 
functional data, can be traced back to Besse and Ramsay (1986), Ramsay and Dalzell 
(1991) and Rice and Silverman (1991), among others. FPCA provides a way to see 
through the modal variation of dynamics and is essential in applying functional data 
analytical approaches (FDA; Ramsay and Silverman, 2005) to the statistical inference of 
functional data.   
We assume that temperature, either Tmax or Tmin, observed on the continuum for 
stations located within the same climate zone, are random trajectories of an underlying 
square integrable random process,         , in       with the following moment 
conditions:  
the mean function  (    )          ; 
the variance covariance function                                       ; 
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and define the auto-covariance operator as        ∫            , a linear integral 
operator. By Mercer’s Theorem, one could have a spectral decomposition  
       ∑   
 
             , 
     , the eigenfunction, as the solution to             , with    being 
the corresponding eigenvalue. The               form a set of 
orthogonal bases, i.e. ∫                ,        if      or else 0. 
They are usually sorted by the corresponding values in descending order, 
i.e.        . 
The basis representation of the underlying process can then be rendered through the 
Karhunen-Loève expansion 
          ∑   
 
        ,  
where    ∫                  , subject to a constant, is known as 
functional principal component score. 
For the purpose of imputation, we deem the observed temperature from weather 
stations as the realizations of      on discretized grids that might be sparse and irregular, 
i.e. the temperature for the i-th station at the time                is  
      (   )       (   )  ∑    
 
     (   )      
   
i.i.d.
 
       and independent of all other terms. The construction of the predicted 
trajectory requires the estimates of     ,    , and      . We base the numerical 
estimation of those entities on Principal Analysis by Conditional Expectation algorithm 
(PACE; interested readers are referred to Yao et al. (2005) and references therein for 
details) which is available in MATLAB on UC-Davis (2015). The predicted temperature 
data after imputation can then be constructed from  
(1) 
(2) 
(3) 
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 ̂      ̂    ∑  ̂  
 
    ̂     
Note that m in the expression above indicates the number of components involved 
and needs to be determined. In this study, we simply fix the threshold on the minimum 
proportion of variation at 85% and let the algorithm choose automatically. The minimum 
number of available temperature data is one day. The reason for doing this approach is 
that there is not sufficient information to reference from the imputed weather station itself 
when applying FPCA. Rather than comparing to other imputation approaches which lack 
the sophistication of this method, we instead remove known data and use this method to 
re-determine the missing data, and then compare to the known data that was removed. 
3.2.3 Extreme Temperature Detection 
The functional boxplot (FB) introduced by Sun and Genton (2011) was adopted to detect 
the extreme temperature events in this study. Specifically, FB is based on the center 
outward ordering that is induced by band depth (BD) or modified band depth (MBD) for 
functional data, which are used to determine the order of cases. It can be viewed as 
similar to extending a box and whisker plot through time to determine outliers. The 
details of calculations of BD and MBD can be found in Sun and Genton (2011). The FB 
provides an innovative way to visually evaluate the distributional status of temperature 
profiles and to detect extremes in magnitude, shape, and both, which is missing from the 
traditional percentile-based approaches.  
To understand extreme temperature occurrence at regional scale, we first estimate 
the mean daily temperatures in each climate zone for the years 1950-2014. The estimated 
mean Tmin and Tmax profiles are assumed to stand for the daily temperature of the 
(4) 
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corresponding climate zone. Each climate zone will then have 2×65 curves, which are the 
measurements of Tmin and Tmax of the 65 years. Then, the FB is constructed for each 
climate zone using the MBD method. The threshold of extreme temperatures is defined as 
1.5 times the width of the central band (the central interquartile region (IQR)). The 
detected “outliers” are a certain length of data for individual years. 
Spatiotemporal variation is another very indispensable feature of extreme climate (Li 
et al., 2013; She et al., 2013). Considering this factor, we move the focus to the weather 
stations throughout the most recent 30 years, as the most significant global warming 
occurred since 1980 (Solomon et al., 2010; Lobell et al., 2011), to not only show the 
temporal “evolution” but also the spatial variation in extreme temperature. We use the 
mean daily temperature of two 15-year periods after 1980, which includes 1985-1999 and 
2000-2014, to study the anomaly of extreme temperature. The reasons for choosing 15-
year periods include guaranteeing enough data and shortening the climate warming 
effect. On the one hand, the average temperature of a shorter period such as 5-year may 
not exist, as some stations have too few years with available temperature data; on the 
other hand, a long time period, such as 30 years, may filter out the extreme temperature 
events due to global warming, as a relatively lower temperature before global warming 
may significantly drag down the average temperature, even though there are several 
extreme high temperatures after global warming. Yearlong temperature profiles were 
created by calculating the mean daily Tmin and Tmax of the two 15-year periods. As a 
result, each station has four yearlong temperature profiles including Tmin and Tmax for 
the periods 1985-1999 and 2000-2014. Then we applied FB to each of the four profiles 
for all weather stations. The station with any type of four extreme temperatures 
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(extremely high Tmax and Tmin or extremely low Tmax and Tmin) is chosen as an 
extreme station, namely “outliers”. The outlying stations are tagged as the one having 
extreme conditions during each 15-year period. This approach allows us to study where 
extreme temperature events are likely to occur and how the relative variations of extreme 
temperature events change through time in California. 
3.3     Results 
 
3.3.1 The Missing Data Imputation 
To guarantee the consistency in temperature between all weather stations, FPCA was 
applied to every weather station regardless of missing data. Figure 3.2 shows Tmax in a 
single year before and after the application of FPCA for two weather stations, 
USC00048490 and USC00046370. Two major gaps exist in the daily Tmax, which are 
reconstructed by the FPCA. However, the reconstructed Tmax of station USC00048490 
from the 90
th
 -100
th
 day is slightly lower than the measured Tmax, which may be due to 
the filtering effect of all stations. Considering we used the reconstructed profiles for 
every station with/without missing data, the filtering effect is ignored for the purpose of 
this study. 
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Figure 3.2 The year-long Tmax before (black circle) and after (red curve) the imputation 
by FPCA for two weather stations, USC00046370 (top) and USC00048490 (bottom) 
For the purpose of demonstrating the value of FPCA in missing data gap filling, we 
counted the number of available weather stations before and after the application of 
FPCA year-by-year from 1950-2014. Before applying FPCA in filling missing data, we 
counted available weather stations using the standard that the minimum number of 
missing temperature data is one day, which means as long as one day of data are missing 
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for an individual year, the weather station is treated as invalid station. The total number 
of available weather stations is shown by the blue area in Figure 3.3. After the application 
of FPCA, the number of available weather stations is counted again, which is shown by 
the orange area in Figure 3.3. The number of weather stations available for extreme 
analysis is greatly enhanced following this procedure (Figure 3.3). For both Tmax and 
Tmin, the weather station availability after FPCA is almost three times as large as before 
imputation throughout the 65 years and is very close to the total counts, which implies 
that temperature data has been recovered nearly to the full dataset. There are small 
number of weather stations which do not have any available data at all, which refers to 
the blank area between the grey curve and the blue area.  
 
 
 
 
 
 
 
Figure 3.3 The enhancement of annual weather station availability by imputation for 
Tmax and Tmin in study period 1950-2014. Blue and orange areas refer to the “complete 
cases” before and after imputation, respectively. The grey curve is total counts of weather 
stations in each year regardless of missing status. The white area between the orange area 
and the grey curve stands for the weather stations without any available climate data (less 
than 2 days per year), which is referred to as “empties”. 
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To illustrate the quality of gap filling, we randomly choose the Tmax data in 1950 
from station USW0023232 and artificially remove data (blue circles) in two 50-day 
windows (DOY 40-90 and 200-250) (Figure 3.4). After that, we tried to reconstruct the 
“removed” data through FPCA. The reason why we picked these two windows of data for 
deletion is because the geometric feature therein is more complex and therefore suitable 
for the evaluation of gap filling, which means the temperature during those two periods 
was not stably increasing or decreasing but has peaks and troughs throughout. By 
involving this changing feature in temperature data, we show the robustness of FPCA in 
recovering the dynamics of missing temperature data. The remaining data (black circles) 
were used as the available data for FPCA. The red curves are the reconstructed Tmax of 
those two “missing data gaps” and compare well with the original data (Figure 3.4). The 
RMSE between imputed and original data for the two periods are 1.75 and 3.03 °C, 
respectively. The difference between the reconstructed data and “real” data is larger if 
extreme temperature values exist. Even though the extreme values are filtered out, FPCA 
reconstructs the dynamics of temperature data, which is what other methods fail to do. 
The reconstructed temperature data still maintains the trend, which can be used for 
extreme event detection.  
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Figure 3.4 Demonstration of the performance of the proposed imputation by FPCA for 
the Tmax profiles of the weather station USC00023232 in 1950. Two sets (DOY 40-90 
and 200-250) were intentionally selected and deleted (labeled in blue) before the 
application of FPCA. Using measurements with information available in the same climate 
zone, the missing gaps are filled well (red curve) as compared to the original values. 
3.3.2 Extreme Temperature Detection 
3.3.2.1 Extreme Temperature Events at Climate Zone Level 
Among all 19 climate zones, extreme hot events were detected in the summer of 2006 in 
Arcata (Figure 3.5). The temperature was about 2-3°C higher than the maximum envelop 
of the rest of the 64 years, which was attributed as an “elevation outlier”. Different from 
Arcata, Mount Shasta 01 showed that early spring and mid-summer experienced extreme 
temperature events in 2006 (Figure 3.5). Compared to the other 64 years, the detected 
2006 Tmax extremes in Mount Shasta 01 are more like “shape outliers”, indicating the 
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dynamics of Tmax in 2006 was significant, although the magnitude of Tmax was not 
increased significantly. More specifically, the Tmax increased during certain seasons in 
2006, but Tmax decreased during the same seasons in other years. This sort of 
temperature can be treated as extreme since it behaves in contrast to its normal 
conditions, which implies an extreme climate anomaly. Extreme temperature events were 
not detected in other climate zones in terms of either Tmin or Tmax. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.5 The detected Tmax extremes for Acata (top) and Mount Shasta 01 (bottom). 
The black curve is the centroid of the yellow band, which is the central 50% of all 65 
curves. The blue curves are the maximum and minimum caps of the “normal” curves. 
The red dashed line stands for the detected extreme temperature events. 
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3.3.2.2 Spatial Distribution of Extreme Weather Stations 
From 2000-2014, extreme temperatures were distributed throughout all of California 
(Figure 3.6). The number of stations showing extremely high Tmin and Tmax were 18 
and 31 and extremely low Tmin and Tmax were 24 and 37, respectively (Table 3.1). In 
northern California, the occurrence of extremely high and low Tmin and Tmax were 
similar to each other, and weather stations show extremes distributed more along the 
coasts than the interior regions. In central California, the stations showing extreme 
temperature conditions are distributed along the boundaries between climate zones. 
Extremely low Tmin and Tmax dominated in the northern part of central California, and 
weather stations experiencing extremely high Tmin and Tmax stood out in the southern 
part of central California. Similarly to northern California, all four types of extreme 
temperatures occurred in southern California, with higher number of stations than 
northern California. Furthermore, extremely high Tmax was likely to be more frequent 
than extremely high Tmin, and extremely low Tmin and Tmax had almost equal 
frequency in southern California. At the same time, both the coastal regions and interior 
areas experienced extreme temperatures in southern California. 
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Figure 3.6 Locations of weather stations showing extremes in the mean temperature in 
2000-2014, as compared to 1985-1999 
 
The results show that fewer stations had extreme temperature events from 1985-1999 
than the most recent 15 years (Figure 3.6). The number of stations with extremely high 
Tmin and Tmax in 1985-1999 was 13 and 5 and extremely low Tmin and Tmax were 30 
and 21, respectively (Table 3.1). Compared to the most recent 15 years, northern 
California did not have many extreme temperature events. Instead, central and southern 
California were the main locations in which extreme temperature events occurred, and 
they were mostly extremely low Tmin. The FB approach does not set a fixed threshold 
for different periods. Once a certain period is selected, the central band and threshold 
envelopes of normal samples are unique. When a different period is selected, the central 
band and threshold envelopes are certainly different, which implies the detected extreme 
temperatures are period-specific. Therefore, the absolute values of extreme temperature 
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picked out by FB in these two periods are not comparable directly. However, results 
indicate the latter 15 years has seen more extremes than the previous 15 years because the 
number of extreme temperature stations is explicitly comparable.  
Table 3.1 The number of weather stations showing extreme temperatures in the two 15-
year periods. The weather stations of each period correspond to the extreme temperature 
types and locations shown in Figure 3.6. 
Extreme Category 2000-2014 1985-1999 
Low Tmax 37 21 
High Tmax 31 5 
Low Tmin 24 30 
High Tmin 18 13 
 
3.4     Discussion 
At the climate zone scale, both Acata and Mount Shasta experience extreme temperature 
events in 2006. Gershunov et al. (2009) reported that the heat wave occurring in the July 
of 2006 was the largest heat wave on record from 1948-2006, with a positive trend in 
nighttime temperatures over the entire California-Nevada region from 2000. The results 
of our study, with eight extra recent years (from 2007 to 2014), agree with these results. 
However, the 2006 heat wave was mostly captured by daytime temperature rather than 
nighttime temperature in our study (Figure 3.5). We attribute this difference to the effect 
of averaging all weather stations when applying the FB method, because the results at the 
station level show that both extremely high and low Tmin can occur across all of 
California in the most recent 15 years (Figure 3.6). Besides, other climate zones did not 
show heat waves occurring in the summer of 2006. As we introduced in the methodology 
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session, the threshold of each climate zone is 1.5 times the central IQR range. It is 
possible that 1.5 is a high threshold and so limits the detection of more heat waves. The 
“outlier” factor (thresholds multiplier) defined in FB can be artificial (Sun and Genton, 
2011), and it depends on the conservativeness of the scientific purpose. In other words, 
the choice of the factor can be interpreted as a decision on how extreme a certain event 
should be. The higher the factor, the fewer outliers will be detected as extremes.  
To quantify the sensitivity of extreme temperature to the central band factor, we used 
0.5 and 1.0 times the central IQR region as the thresholds to detect extreme temperature 
for each climate zone using FB. However, doing so only produces one more heat wave in 
2006 in Oakland, which indicates that both 0.5 and 1.0 may still be too high. Therefore, 
we further decreased the factor to 0.45 and applied FB. The results show that all climate 
zones had extreme conditions in certain years (Table 3.2). For the year 2006, nine climate 
zones showed extreme temperatures, which is the highest compared to other detected 
extreme years. Eight climate zones had extreme temperature conditions in 2014, which 
follows 2006 as the year with the most severe heat wave on records (Table 3.2). The 
extremes in Tmax indicate that the current drought is likely related to extreme high 
temperatures in California, as alluded by Diffenbaugh et al. (2015). 
Increases in the numbers of stations having extremely high Tmin and Tmax indicate 
that the number of both extreme hot days and hot nights increased in the most recent 15 
years. Furthermore, the decrease in extremely low Tmin implies that the number of 
extreme cold nights declined. The nighttime temperature in California has increased, 
which may be more important to agricultural ecology than the increases in daytime 
extreme temperature (Lobell et al., 2007; Prasad et al., 2008). However, the number of 
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stations with extremely low Tmax increased as well, which indicates that the daytime 
temperature range may have increased. The thresholds of extremely low Tmax might be 
different in the two 15-year period, with a higher value for the most recent 15 years, as 
thresholds of FB are dependent on the time periods. The extremely low Tmax of 2000-
2014 might be even higher than that of 1985-1999, although the number of stations was 
less. The purpose of FB is to show the relative frequency of extreme temperature when 
applied to a certain period. This change can be explained in terms of temporal variability 
of extreme temperature events. 
 Spatially, the number of stations showing extreme temperatures increased in all of 
California from 1985 to 2014 (Figure 3.6). From 1985-1999, extreme temperature mostly 
occurred in southern California, with few stations showing extreme weather conditions in 
northern and central California. Unlike the most recent 15 years, the extreme temperature 
did not distribute along the boundaries between different climate zones, and the dominant 
type was extremely low Tmin (nighttime temperature), which indicates that cold nights 
were common from 1985-1999. In other words, hot days or heat waves were relatively 
rare, which is contrary to the current condition. In the most recent 15 years, weather 
stations experiencing four types of extreme temperature increased in all of California, 
with more stations concentrated in southern California. This finding implies that southern 
California might become more sensitive to extreme temperature events compared to 
northern and central California. Tamrazian et al. (2008) studied the heat waves from 
1906-2006 in southern California and found that the average annual maximum and 
minimum temperatures in Los Angeles region has warmed by 2.8°C and 2.3°C, 
respectively, with the greatest change during the summer months. Heat wave duration has 
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also increased, with more regular heat waves lasting longer than 6 days since 1970s, 
which was not the case from 1906 to 1956. Coastal regions also showed increases in 
extreme hot temperatures. The non-stationary analysis of GCM simulations by 
Gershunov and Guirguis (2012) found that heat waves in coastal California may become 
more intense in spite of the cool ocean's proximity modulating warming, and that heat 
waves have been observed in northern coastal California. The results of the current study 
show that both extreme hot and cold temperatures were rare in northern California from 
1985-1999; however, they did occur there in the most recent 15 years (Figure 3.6). 
The functional PCA was shown to successfully reconstruct temperature profiles of 
some weather stations by referencing the neighboring weather stations in the same 
climate zone. It is the first study that applies a functional data analysis method to 
reconstruct the dynamics of missing meteorological data, which provides a new method 
to fill missing data gaps in climate data. Considering the effect of global warming, the 
climate zones in California may have changed their spatial distributions and require 
reinvestigation. As a result, adopting fixed climate zone location may affect the 
imputation of missing climate data, especially for weather stations at the boundaries 
between multiple climate zones. However, utilization of climate zone is useful because 
the division of climate zones by the California Energy Commission considers 
temperature, weather, energy use and other factors (Hall and Deter, 1995), which 
indirectly improves the success of the FPCA method for imputing missing data. 
Though the averaging effects of all neighboring stations can weaken the extremely 
high and low temperatures, using FPCA to reconstruct the missing temperature data is 
still promising and has a good quality control (Figure 3.3 and 3.4). The goal here is to 
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reconstruct the temporal trend of daily temperatures throughout the years, so that more 
information can be used in extreme temperature detection. The extreme temperature 
comparison between different time periods should be done with caution, as the FB 
method is not dependent on a fixed threshold when detecting the extreme temperatures. 
However, the FB does provide a clear way to detect the most outstanding types of 
extreme temperature for a given time period. 
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Table 3.2. The climate zones with extreme temperature years in Tmax. For the central 
band factor of 0.45, 2006 was an extreme year in nine climate zones, and 2014 was an 
extreme year in eight climate zones, which were the most frequent two years when 
extreme temperature occurred. 
Factor Climate Zones Detected Extreme Year in TMAX 
0.45 
Arcata 
1951,1965,1985,1988,1990,1992,1996,1997,2002-2008, 
2013,2014 
China Lake 01 1972,1985,1995,2003,2004,2006 
China Lake 02 
1965,1972,1986,1989,1992,1999,2001,2004,2006,2007, 
2010,2013,2014 
El Centro 1985,1989 
El Toro 
1950,1953,1965,1971,1976,1985,1988,1997,2003,2004, 
2010,2014 
Fresno 1963,1966,1972 
Los Angeles 1953,1955,1971,1984,1985,1988,1997,2004,2006,2008,2014 
Mount Shasta 01 1991,1993,1995,1996,1998-2001,2003,2006,2011 
Mount Shasta 02 1986 
Mount Shasta 03 1972,1987 
Oakland 
1976,1985,1996-
1998,2003,2004,2006,2008,2009,2013,2014 
Pasadena 1955 
Red Bluff 1972 
Riverside 1960 
Sacramento 1958,1972,1976,2014 
San Diego 1953,1965,1971,1984,1985,1988,1992,1997,2004,2006,2014 
Santa Maria 
1950,1965,1976,1984,1988,1996,1997,2006-2010, 
2012-2014 
Santa Rosa 1967,2009 
Sunnyvale 1972,1987,2006 
0.5 
Arcata 1997,2004,2006,2008 
Mount Shasta 01 1991,1995,2000,2006 
Oakland 2006 
Santa Maria 1976 
1.0 
Arcata 1997,2004,2006,2008 
Mount Shasta 01 1991,1995,2000,2006 
Oakland 2006 
Santa Maria 1976 
1.5 
Arcata 2006 
Mount Shasta 01 2006 
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3.5     Conclusions 
In this study, two functional data analytic approaches (functional PCA and functional 
boxplot) were applied to impute missing temperature data and to assess the 
spatiotemporal patterns of extreme temperatures in California, respectively. This study is 
the first in which functional data analysis method is applied to infill missing 
meteorological data. The results show that the missing temperature data are successfully 
reconstructed by the functional PCA, maintaining good data availability. Extreme 
temperature at both the climate zone and weather station levels were detected by applying 
functional boxplot. In the year 2006, Acata experienced an extremely high temperature 
extreme event during the summer, and Mount Shasta 01 had extreme temperature events 
in both early spring and mid-summer. Extremely high Tmin and Tmax increased from the 
previous 15 years to the most recent 15 years, which implies both extreme hot days and 
nights were enhanced in California recently. The number of stations showing extremely 
low Tmax also increased. Consequently, the daytime temperature range was likely to 
have increased, but it is spatially limited. Meanwhile, extreme cold nights declined since 
extremely low Tmin decreased in a number of stations, which may be more significant 
than the daytime extreme temperature events. Southern California is more sensitive to 
extreme temperatures, as the four types of extreme temperature occurred more frequently 
compared to central and northern California. Our results demonstrate that the enhanced 
daytime and nighttime extreme temperature may exacerbate the duration and intensity of 
the ongoing drought in California.  
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Appendix 1 (Chapter 1): 
 
 
Figure S1.1 Spatial locations (top) elevation map (bottom) of the Northern High 
Plains Aquifer (two squares are the dry [west] site and the wet [east] site, 
respectively). The locations of the seven soil moisture observation sites and the 
Mead Eddy-covariance site are also shown. 
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Figure S1.2 Sensitivity test results of soil water holding capacity and ET 
coefficient combinations for the seven soil moisture observation sites in the 
eastern NHP. The RMSE is between the monthly modeled and observed soil 
moisture. 
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Figure S1.3. The adjusted soil AWC vs. the original soil AWC. The original soil AWC 
(in/ft.) was categorized into four ranges, 0.6-1.0, 1.0-2.0, 2.0-2.4, and 2.5-3.4. These four 
groups of AWC were adjusted to four fixed values, 2.4, 3.0, 4.0, and 4.4, as the request of 
soil moisture calibration. 
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Figure S1.4. Validation between modeled monthly ET and the monthly MODIS ET from 
2000 to 2010 for the wet site in the eastern NHP 
 
 
Figure S1.5. Mann-Kendall temporal trend of average annual TP95 in the NHP, 1950-
2010 (significance is indicated by the color gradients) 
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Appendix 2 (Chapter 2): 
 
 
 
 
 
 
 
 
 
 
 
 
Figure S2.1 The land use and land cover types in the Canadian watershed in 2001 and 
2011 
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Figure S2.2 The locations of the ARM Southern Great Plains control (Oklahoma) and the 
Walnut River (Kansas) eddy covariance flux towers 
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Figure S2.3 The simulated annual GPP at the ARC and WLR eddy covariance sites from 
2001-2010 
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